Identification of spectral disease signatures and resistant QTL for charcoal rot infection in soybean by Jones, Sarah
Graduate Theses and Dissertations Iowa State University Capstones, Theses andDissertations
2017
Identification of spectral disease signatures and
resistant QTL for charcoal rot infection in soybean
Sarah Jones
Iowa State University
Follow this and additional works at: https://lib.dr.iastate.edu/etd
Part of the Agricultural Science Commons, Agriculture Commons, and the Agronomy and Crop
Sciences Commons
This Thesis is brought to you for free and open access by the Iowa State University Capstones, Theses and Dissertations at Iowa State University Digital
Repository. It has been accepted for inclusion in Graduate Theses and Dissertations by an authorized administrator of Iowa State University Digital
Repository. For more information, please contact digirep@iastate.edu.
Recommended Citation
Jones, Sarah, "Identification of spectral disease signatures and resistant QTL for charcoal rot infection in soybean" (2017). Graduate
Theses and Dissertations. 16282.
https://lib.dr.iastate.edu/etd/16282
  
 
Identification of spectral disease signatures and resistant QTL for charcoal rot infection 
in soybean 
 
 
 
 
by 
 
Sarah Elizabeth Jones 
 
 
 
A thesis submitted to the graduate faculty 
 
in partial fulfillment of the requirements for the degree of 
 
MASTER OF SCIENCE 
 
 
 
 
Major: Plant Breeding 
 
 Program of Study Committee:  
Arti Singh, Co-major Professor  
Asheesh Singh, Co-major Professor 
Baskar Ganapathysubramanian 
Daren Mueller 
 
 
The student author, whose presentation of the scholarship herein was approved by the 
program of study committee, is solely responsible for the content of this thesis. The Graduate 
College will ensure this thesis is globally accessible and will not permit alterations after a 
degree is conferred. 
 
 
Iowa State University 
 
Ames, Iowa 
 
2017 
 
 
Copyright © Sarah Elizabeth Jones, 2017. All rights reserved.
ii 
 
 
DEDICATION 
 
I dedicate this to my parents who have given me so much support in the last two years. 
Their positivity and love for learning have encouraged me to pursue this degree. 
iii 
 
 
TABLE OF CONTENTS 
 
              Page 
LIST OF FIGURES ................................................................................................... v 
LIST OF TABLES ..................................................................................................... viii 
ACKNOWLEDGMENTS ......................................................................................... ix 
ABSTRACT ............................................................................................................... x 
CHAPTER 1  THESIS ORGANIZATION............................................................ 1 
CHAPTER 2  LITERATURE REVIEW ............................................................... 2 
 Soybean ................................................................................................................ 2 
 Charcoal Rot ........................................................................................................ 3 
 Charcoal Rot Resistance QTL ............................................................................. 7 
 Phenotyping in Disease Resistance Breeding ...................................................... 8 
 Sensor Based Phenotyping ................................................................................... 8 
 Analysis of Hyperspectral Data ........................................................................... 12 
 
CHAPTER 3 HYPERSPECTRAL DISEASE SIGNATURES FOR 
 CHARCOAL ROT IN SOYBEAN USING SPECTRAL ANGLE MAPPER ......... 15 
 Introduction .......................................................................................................... 15 
 Experimental Procedures ..................................................................................... 18 
 Results and Discussion ........................................................................................ 29 
 
CHAPTER 4 DETECTION OF CHARCOAL ROT RESISTANCE  
QTL USING THE CUT STEM INOCULATION METHOD .................................. 38 
 Introduction .......................................................................................................... 38 
 Experimental Procedures ..................................................................................... 41 
 Results and Discussion ........................................................................................ 49 
 
CHAPTER 5 GENERAL CONCLUSION ........................................................... 61 
 Conclusion ........................................................................................................... 61 
 Recommendations for Future Work..................................................................... 62 
iv 
 
 
REFERENCES .......................................................................................................... 63 
APPENDIX A. SUPPLEMENTARY TABLES........................................................ 70 
APPENDIX B. SUPPLEMENTARY FIGURES ...................................................... 71 
 
v 
 
 
LIST OF FIGURES 
 
                                                                                                                                       Page 
 
Figure 1 Disease cycle of Macrophomina phaseolina on soybean ......................... 5 
 
Figure 2  Cut-stem inoculation method for charcoal rot produces  
  reddish-brown lesion on infected plants, but healthy green  
  stem on control (mock inoculation) plant .................................................. 23 
 
Figure 3 Progression of symptoms and lesion length measurements  
  on exterior and interior of soybean stem inoculated with  
  Macrophomina phaseolina ........................................................................ 25 
 
Figure 4  Regions of interest (ROI) were selected from symptomatic  
  areas representin a range of symptom development within the  
  diseased tissue and from healthy, non-infected stem areas and  
  control plant ............................................................................................... 28 
 
Figure 5 Spectral reflectance of selected regions of interest ................................... 32 
 
Figure 6  Spectral reflectance for regions of interest in each block of data  
  cubes classified with spectral angle mapper (SAM) in  
  SpectrononPro software ............................................................................ 33 
 
Figure 7  SAM classification algorithm accurately classified healthy  
  stems and diseased stems .......................................................................... 35 
 
Figure 8  Cut-stem inoculation method for charcoal rot produces  
  reddish-brown stem lesion on infected plants, but healthy  
  green stems on control (mock inoculation) plants ..................................... 46 
 
Figure 9 Progression of symptoms and lesion length measurements  
  on exterior and interior of soybean stem inoculated with  
  Macrophomina phaseolina ........................................................................ 46 
 
Figure 10 In the inoculated stems, the trend was observed of  
  reddish-brown lesion progression slowing in the presence  
  of a unifoliate or trifoliate node ................................................................. 51 
 
Figure 11 Presence of the 1st trifoliate node in the 40 mm region above  
  the unifoliate node significantly decreases exterior lesion length.  
  N=28 for both Unifoliate and Unifoliate + Trifoliate................................ 51 
 
 
vi 
 
 
Figure 12 Presence of the 1st trifoliate node in the 40 mm region above  
  the unifoliate node significantly decreases interior lesion length.  
  N=28 for both Unifoliate and Unifoliate + Trifoliate................................ 52 
 
Figure 13 Presence of the 1st trifoliate node in the 40 mm region above  
  the unifoliate node significantly decreases dead tissue lesion length.  
  N=28 for both Unifoliate and Unifoliate + Trifoliate................................ 52 
 
Figure 14 Exterior lesion length (mm) least square mean phenotypic  
  distributions of recombinant inbred lines of NAM23 with  
  only one node ............................................................................................ 53 
 
Figure 15 Interior lesion length (mm) least square mean phenotypic  
  distributions of recombinant inbred lines of NAM23 with  
  only one node ............................................................................................ 54 
 
Figure 16 Dead lesion length (mm) least square mean phenotypic ‘ 
  distributions of recombinant inbred lines of NAM23 with  
  only one node ............................................................................................ 54 
 
Figure 17 Interior Lesion Length LOD score at 1000 permutations in  
  Inclusive Composite Interval Mapping and SNP location on  
  Chromosome 15 resulting in 1 QTL with a LOD score of 3.1  
  explaining 9.9% of the variation. .............................................................. 59 
 
Figure 18 Live but diseased (LBD). LOD score at 1000 permutations in  
  Inclusive Composite Interval Mapping and SNP locations on  
  Chromosome 15 resulting in 1 QTL with a LOD score of 3.2  
  explaining 9.9% of the variation ............................................................... 60 
 
Supplementary Figure 1 Process of planting in the growth chamber .................... 71 
 
Supplementary Figure 2  Hyperspectral imaging set up for data cube 
   acquisition composed of two ASD pro lamps, Pika  
  XC hyperspectral camera, mounting tower, movable  
  stage, and laptop computer with SpectrononPro software  
  for image acquisition and analysis. ................................ 72 
 
Supplementary Figure 3 Spectral angle mapper (SAM) classification of  
  DT97-4290 mock inoculation. ....................................... 73 
 
Supplementary Figure 4 Spectral angle mapper (SAM) classification of  
  Pharaoh mock inoculation. ............................................. 74 
 
Supplementary Figure 5 Spectral angle mapper (SAM) classification of  
  PI189958 mock inoculation. ........................................... 75 
vii 
 
 
 
Supplementary Figure 6 Spectral angle mapper (SAM) classification of  
  PI479719 mock inoculation. ........................................... 76 
 
Supplementary Figure 7 Spectral angle mapper (SAM) classification of  
  DT97-4290 inoculation. ................................................. 77 
 
Supplementary Figure 8 Spectral angle mapper (SAM) classification of  
  Pharaoh inoculation. ....................................................... 78 
 
Supplementary Figure 9 Spectral angle mapper (SAM) classification of  
  Pi189958 inoculation. ..................................................... 79 
 
Supplementary Figure 10 Spectral angle mapper (SAM) classification of  
  PI479719 inoculation. .................................................... 80 
 
Supplementary Figure 11 Linkage map and SNP position of NAM23,  
  chromosomes 1-3 ........................................................... 81 
 
Supplementary Figure 12 Linkage map and SNP position of NAM23,  
  chromosomes 4-6 ........................................................... 82 
 
Supplementary Figure 13 Linkage map and SNP position of NAM23,  
  chromosomes 7-12 ......................................................... 83 
 
Supplementary Figure 14 Linkage map and SNP position of NAM23,  
  chromosomes 13-15 ....................................................... 84 
 
Supplementary Figure 15 Linkage map and SNP position of NAM23,  
  chromosomes 16-20 ....................................................... 85 
 
Supplementary Figure 16 QTL position and LOD score detected from all  
  traits in Inclusive Composite Interval Mapping in  
  chromosomes 1-4 ........................................................... 86 
 
Supplementary Figure 17 QTL position and LOD score detected from all  
  traits in Inclusive Composite Interval Mapping in  
  chromosomes 5-8 ........................................................... 87 
 
Supplementary Figure 18 QTL position and LOD score detected from all  
  traits in Inclusive Composite Interval Mapping in  
  chromosomes 9-16 ......................................................... 88 
 
Supplementary Figure 19 QTL position and LOD score detected from all  
  traits in Inclusive Composite Interval Mapping in  
  chromosomes 17-20 ....................................................... 89 
viii 
 
 
LIST OF TABLES 
 
                                                                                                                                  Page 
Table 1 Recipe for half strength PDA media amended with  
  chloramphenicol and lactic acid ................................................................ 25 
 
Table 2 Exterior lesion length phenotypic mean and standard deviation by  
  genotype at each of the three time points 3 DAI, 6 DAI, and 9 DAI ........ 29 
 
Table 3 Interior lesion length phenotypic mean and standard deviation by  
  genotype at each of the three time points 3 DAI, 6 DAI, and 9 DAI ........ 30 
 
Table 4 Dead lesion length phenotypic mean and standard deviation by  
  genotype at each of the three time points 3 DAI, 6 DAI, and 9 DAI ........ 30 
 
Table 5 Mean and standard deviation of three lesion length ratings  
  (exterior lesion length, interior lesion length, and dead tissue  
  lesion length) resulting from charcoal rot inoculation and infection ......... 42 
 
Table 6 Number of SNP markers and genome length of linkage map  
  developed using recombinant inbred lines of NAM23 .............................. 55 
 
Table 7 Significant QTL, map position, and genetic contribution for  
  charcoal rot resistance in soybean from the NAM23 mapping  
  population (parentage: IA3023 x U03100612) identified using  
  Inclusive Composite Interval Mapping (ICIM) ......................................... 56 
 
Supplementary Table 1 Experimental design of hyperspectral imaging for  
  charcoal rot detection  ...................................................... 70 
 
  
ix 
 
 
ACKNOWLEDGMENTS 
 
I would like to thank my committee members especially my co-major professors Dr. Arti 
Singh and Dr. A.K. Singh who have devoted so much energy to the success of their graduate 
students and our lab. They have supported me through every challenge in this project. I also want 
to thank Dr. Daren Mueller and his lab for their guidance in plant pathology, Dr. Baskar 
Ganapathysubramanian for his guidance and teaching expertise in the engineering aspects of this 
project, Marcus Naik for his help in the initial set up of imaging protocols, and Dr. Alemu 
Mengistu for sending seed with which this experiment was completed. I would also like to give a 
special thanks to Jae Brungardt and Brian Scott. Jae, for her talent in keeping an organized lab, 
and her support in plant pathology and in life and Brian, for setting up the hyperspectral camera 
equipment. Many thanks to the Singh lab graduate and undergraduate students who were always 
ready to help and who supported me in data collection. And finally to the Iowa Soybean 
Association, Iowa State University and the Presidential Initiative for Interdisciplinary Research 
grant, Monsanto, and the United Soybean Board without whose belief in our goals and support of 
our work this research could not have been completed.  
 
 
 
 
 
 
x 
 
 
ABSTRACT 
 
 Disease phenotyping is an important process for both production field scouting and 
disease rating in soybean [Glycine max (L.) Merr.] breeding programs because yield is affected 
by many pathogens including charcoal rot, Macrophomina phaseolina. Charcoal rot has limited 
chemical control options and affects over 500 species worldwide making crop rotation a difficult 
management strategy as well. Due to these management challenges, breeding for disease 
resistance is a valuable strategy, however traditional disease phenotyping relies on human visual 
ratings which are prone to human error and have scalability issues when moving to large 
production schemes or modern breeding programs. Furthermore, there is currently little 
understanding of the genetic control of charcoal rot resistance in soybean. This study utilized 
hyperspectral imaging to determine its potential for early detection of charcoal rot and to uncover 
hyperspectral disease signatures for future use in phenotyping tools. QTL mapping was used to 
further the knowledge on the genetic control of charcoal rot in soybean. Hyperspectral imaging 
combined with spectral angle mapper analysis uncovered the importance of the non-visible NIR 
regions in the detection of not yet visible early symptom development on the interior of soybean 
stems. QTL mapping of a recombinant inbred line family identified two small effect QTL in 
relation to charcoal rot resistance each explaining 9.9% of the variation. Future work can build 
on these findings to uncover additional sources of resistance for improved breeding and to 
identify disease signatures of other diseases in order to develop multispectral cameras for 
identification of charcoal rot and other soybean diseases for field phenotyping. 
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CHAPTER 1 
 
THESIS ORGANZATION 
 
This thesis is organized into four chapters. Chapter one reviews the literature 
discussing the effect of charcoal rot on soybean production as well as the current state of 
plant disease phenotyping for breeding purposes. Chapters two and three illustrate 
original research examining hyperspectral disease signatures in response to charcoal rot 
infection and QTL contributing to charcoal rot resistance in a bi-parental mapping 
population. Each of these two chapters contain three sections: introduction, experimental 
procedures, and results and discussion. Chapter four provides conclusions of these studies 
and presents recommendations for future research. 
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CHAPTER 2 
 
 LITERATURE REVIEW 
 
Soybean 
Soybean [Glycine max (L.) Merr.] is the major oilseed crop and the second major 
crop overall produced by the United States (Hartman et al. 2015;  USDA 2016b). 
Soybean is used to produce biofuel, cooking oil, soy foods, and animal feed, among many 
other uses and generates an estimated 34 billion dollars annually in the United States 
(Boerema et al. 2016;  Hartman et al. 2015;  USDA 2016a). Due to the economic 
importance of soybean, yield protection from abiotic and biotic stresses is necessary 
especially as soybean yield is threatened by at least 35 economically important pathogens 
(Hartman et al. 2015). Charcoal rot, caused by the pathogen Macrophomina phaseolina, 
has been one of the top 7 soybean diseases in the United States and Canada since 2010 
ranking as high as the second most important disease in 2012 just behind soybean cyst 
nematode (Allen et al. 2017). This disease is exacerbated by dry conditions causing 
amplified stress to soybean in such conditions (Mengistu et al. 2011a;  Meyer 1974;  
Yang and Navi 2005). In an effort to combat the disease threat to soybean yield, breeding 
and research programs have devoted time and resources to improving control and 
management approaches for charcoal rot infection. These approaches include elucidating 
and combining sources of disease resistance, and improving methods of introgressing 
desired traits to combat the charcoal rot pathogen. 
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Charcoal Rot 
Charcoal rot is an economically important disease that affects soybean, as well as 
500 other plant species worldwide. (Doupnik 1993;  Hartman et al. 2015;  Koenning and 
Wrather 2010). This disease is caused by the fungal pathogen Macrophomina phaseolina 
(Tassi) Goid which is the only species in its genus, no reported race specific reactions, 
and only limited differences in root colonization among isolates (Dhingra and Sinclair 
1978;  Radwan et al. 2014;  Su et al. 2001). Charcoal rot caused an epidemic in Iowa 
during the 2003 growing season and was continuously ranked among the top 7 most 
significant soybean diseases in the 2006 – 2014 growing seasons in the United States 
(Allen et al. 2017;  Koenning and Wrather 2010;  Yang and Navi 2005). Infection is 
favored by warm (30-35 °C), dry, drought-like conditions and can cause up to 50% yield 
loss and around 6-33% yield loss in irrigated environments (Gupta et al. 2012;  Mengistu 
et al. 2011a;  Meyer 1974;  Wyllie and Scott 1988).  
Charcoal rot earned its common name from the gray-silver discoloration caused 
by microsclerotia formation in the vascular tissue and pith of lower stems and roots of 
infected plants (Gupta et al. 2012;  Wrather and et al. 2008). These microsclerotia are 
small dark survival structures that persist in the soil and plant residue after harvest and 
act as an inoculum source for charcoal rot infection with a conducive environment during 
the next growing season (Gupta et al. 2012;  Hartman et al. 2015;  Romero Luna et al. 
2017). Symptoms generally become visible at the R5 to R7 reproductive stages or from 
early seed to early maturity, but occasionally can be seen earlier on as reddish-brown 
lesions on the hypocotyl of seedlings (Fehr et al. 1971;  Gupta et al. 2012;  Hartman et al. 
2015;  Romero Luna et al. 2017). In more mature infected plants, a reddish-brown 
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discoloration of the vascular tissue in the roots and lower stem generally precedes foliar 
symptom development where diseased plants may yellow, then wilt and prematurely 
senesce with dead leaves and petioles remaining attached to the stem (Gupta et al. 2012;  
Hartman et al. 2015;  Mengistu et al. 2007). Black microsclerotia on the above ground 
plant are first visible at the stem nodes and can be seen in the epidermal and 
subepidermal tissue of plant stems as well as scattered on dry pods and seed of more 
mature plants (Gupta et al. 2012;  Hartman et al. 2015).  
Management of charcoal rot has proven to be difficult as no recent fungicides are 
available for control and more work needs to be done to research the potential of seed 
treatments (Hartman et al. 2015;  Romero Luna et al. 2017). Because microsclerotia can 
survive as mycelium and microsclerotia in seed for up to three years and as 
microsclerotia in soil and plant residue for at least 2 years, management practices that 
encourage degradation of infected root and stem tissue may decrease populations of M. 
phaseolina in the soil (Baird et al. 2003;  Hartman et al. 2015). Crop rotation is not often 
viewed as viable strategy to manage infection, unless economically feasible crop rotation 
programs with non-host crops can be developed due to M. phaseolina’s large host range 
which also includes other important agronomic crops such as corn, cotton, and sorghum 
(Short 1980;  Su et al. 2001). However, crop rotation with a non-host species may 
decrease inoculum levels in the soil as repetitive cropping with corn and soybean has 
shown to increase levels of microsclerotia in the soil (Short 1980). Drought stress should 
be limited in areas that are susceptible to charcoal rot epidemics though cultural practices, 
such as controlling weed populations, irrigation, and decreasing plant density (Hartman et 
al. 2015). 
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Figure 1. Disease cycle of Macrophomina phaseolina on soybean. (A) Charcoal rot is 
caused by M. phaseolina. This fungus survives in soil or soybean residue as microsclerotia, 
which are tiny, dark-colored overwintering structures. (B) Soybean is infected when the 
roots come into contact or grow close to microsclerotia, which then germinate and form 
structures that will penetrate root tissue. (C) After infection, the fungus grows within the 
stem and root and begins to interfere with water uptake by clogging vascular tissue as 
hyphae and new microsclerotia are formed. (D) Numerous microsclerotia give the lower 
stem and taproot tissue a charcoal-like appearance and provide inoculum for future disease 
development. Image credit: Iowa State University Integrated Pest Management (Romero 
Luna et al. 2017). 
 
 
Furthermore, no commercial soybean varieties are considered resistant, though a 
few varieties demonstrate moderate resistance (Mengistu et al. 2013;  Mengistu et al. 
2011b;  Mengistu et al. 2007;  Paris 2006;  Pawlowski et al. 2015;  Smith and Carvil 
1997). Over 800 soybean lines have been evaluated for charcoal rot resistance revealing 
germplasm sources of moderate resistance, but not yet any sources with high or complete 
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resistance (Gillen et al. 2016;  Mengistu et al. 2013;  Mengistu et al. 2011b;  Mengistu et 
al. 2007;  Paris 2006;  Pawlowski et al. 2015).  
Multiple methods have been proposed for assessing charcoal rot severity in field 
and indoor environments including evaluation of the intensity and length of stem and root 
discoloration caused by microsclerotia formation, evaluation of percent chlorosis and 
necrosis of the plant canopy throughout the growing season and of foliage that remains 
attached to the plant at R7, calculation of colony forming unit index to quantify the 
microsclerotia content in the stem and root, and lesion length measurements of cut-stem 
inoculations on young plants (Barratt and Horsfall 1945;  Mengistu et al. 2007;  Paris 
2006;  Smith and Carvil 1997;  Twizeyimana et al. 2012). However, visual rating 
methods can be subjective and are susceptible to human error caused by rater ability, and 
inter/intra-rater reliability (Bock and Nutter 2011;  Bock et al. 2010;  James 1974;  Nutter 
1993). In addition, some fungal soybean diseases have similar symptoms to charcoal rot 
confounding visual ratings. Phythophthora root and stem rot caused by Phytophthora 
sojae Kaufmann & Gerdemann, also produces the characteristic early necrosis with 
leaves and petioles still attached to the plant at mature stages (Hartman et al. 2015;  
Kaufmann and Gerdemann 1958). Sclerotinia stem rot or white mold is caused by 
Sclerotinia sclerotiorum (Lib.) de Bary can cause reddish-brown lesions on the stem near 
nodes though it also produces white mycelia and black sclerotia symptoms and signs not 
shared with charcoal rot (Bolton et al. 2006).  
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Charcoal Rot Resistance QTL 
 Targeted breeding for disease resistance requires an understanding of the genetic 
control of resistance to pathogen infection so that these desirable mechanisms can be 
combined into a resistant genotype, yet there is limited information available on the 
inheritance of charcoal rot resistance in soybean. Disease resistance may be controlled by 
monogenic (specific) or polygenic (general) resistance (Schumann 2010). Monogenic 
resistance confers race-specific resistance through specific resistance (R) genes, however 
this resistance may be overcome more readily by pathogen evolution (Schumann 2010). 
Polygenic resistance is controlled by quantitative trait loci (QTL) with small or large 
effects additively contributing to partial resistance, making it more difficult for the 
pathogen to develop resistance. However, these loci may also be more environmentally 
dependent (Lindhout 2002). In soybean, no specific resistance (R) genes or QTL 
contributing to charcoal rot resistance have been reported in literature or SoyBase as of 
June 2017 (Grant et al. 2009;  Romero Luna et al. 2017). However, a GWA study across 
both field and greenhouse environments reported a total of 19 SNPs associated with 
charcoal rot resistance in chromosomes 4, 14, and 18 for the field, and chromosomes 6, 8, 
9, 12, and 20 for the greenhouse environment (A.K. Singh unpublished work). In 
common bean, Phaseolus vulgaris L., two RAPD markers were found to be associated 
with resistance to M. phaseolina (Olaya et al. 1996). In cowpea, Vigna unguiculata (L) 
Walp, nine QTL explaining 6.1 – 40% of the phenotypic variance were identified in 
response to charcoal rot infection in field and greenhouse environments (Muchero et al. 
2011). 
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Phenotyping in Disease Resistance Breeding 
 In order to protect yield, soybean breeding programs must combine disease 
resistance genes into valuable germplasm line. However, developing resistant cultivars in 
breeding programs is time consuming and labor intensive. While recent molecular 
innovations have accelerated genotyping, breeding programs are now bottlenecked by the 
visual phenotyping necessary to evaluate a large number of genotypes for performance in 
response to disease infection (Kuska et al. 2015). In regards to breeding for disease 
resistance, phenotyping is the assessment of resistance based on disease progression or 
severity scores, and is the driving force behind plant selections and improvement in 
breeding programs connecting genotypic information and performance in the 
environment (Fiorani and Schurr 2013). There is a need for high throughput plant disease 
phenotyping strategies that can handle large populations and give true disease values 
while also diminishing error in inter-rater and intra-rater reliability, in order to improve 
accuracy, repeatability, and transferability of plant phenotypes (Bock et al. 2010). 
 
Sensor Based Phenotyping 
Sensor-based phenotyping technologies, such as digital imaging and hyperspectral 
(imaging and non-imaging) technology are being evaluated for their usefulness in plant 
pathology and breeding as alternatives to visual ratings because they offer potential 
solutions to scalability issues that are not accommodated by visual ratings. Plant disease 
phenotyping methods, including visual rating, digital imaging, and hyperspectral 
(imaging and non-imaging) technology take advantage of light reflectance within various 
regions of the electromagnetic (EM) spectrum in a discipline known as spectroscopy. 
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Spectroscopy is the study of how matter, or particles from land, water, and the 
atmosphere, interact with electromagnetic radiation in the spectral region of 400-2500 nm 
through processes of adsorption, reflection, and scattering (Green et al. 1998). The 
electromagnetic spectrum encompasses low frequency radio waves through high 
frequency gamma rays and can be divided into continuous subsections called bands or 
channels and labeled with a description such as red, visible, or near-infrared region (NIR) 
among others (Campbell and Wynne 2011;  Jensen 2009). Visible light, or light visible to 
the human eye (VIS), is composed of blue, green, and red bands, within 400-700 nm 
(Campbell and Wynne 2011;  Jensen 2009). Other important regions of the EM spectrum 
in crop phenotyping include the near-infrared region (NIR) (700 – 1100 nm) and the 
middle-infrared/short-wave infrared (SWIR) (1,100 – 2,500 nm) (Campbell and Wynne 
2011;  Jensen 2009;  Mutka and Bart 2015;  Wahabzada et al. 2015). Plant stresses, such 
as drought, pests, and disease impact plant health, structure, and function, causing 
changes in pigment that affect the VIS region, changes in structural characteristics that 
affect the NIR region, and changes to chemical components and water content that are 
reflected in the SWIR region of the EM spectrum (Wahabzada et al. 2015). These 
processes and their altered reflectance patterns in the EM spectrum can be measured 
using multiple instruments including digital cameras, spectrometers, radiometers, and 
hyperspectral cameras. The differing patterns of reflectance and the tools used to capture 
them form the basis for today’s research aiming at uncovering the details of spectral 
reflectance corresponding to important plant characteristics.  
Digital cameras have increasingly been utilized in the area of plant pathology and 
phenotyping as they are a relatively inexpensive resource (Bock et al. 2010). Digital 
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cameras utilize photosensors for red, green, and blue wavelengths in the incorporated 
light sensitive screen that can be either a charge-coupled device (CCD) or complementary 
metal-oxide sensor (CMOS) (Bock et al. 2010). Digital imaging has been used to detect 
and quantify plant disease symptoms in many studies (Mutka et al. 2016;  Zhang et al. 
2017). Digital imaging is also the basis for the creation of standard area diagrams used as 
assessment tools for plant disease severity assessment of soybean rust, frog eye leaf spot, 
and late season diseases in soybean among other crops and diseases (Cláudia et al. 2006;  
Debona et al. 2015;  Librelon et al. 2015;  Mônica et al. 2004). When combined with 
image analysis, digital imaging can be an effective tool for plant disease measurement.  
However, while digital cameras are increasingly common in plant phenotyping, 
they cannot take full advantage of the wide EM spectrum compared to hyperspectral 
cameras and spectroradiometers. A spectrometer measures a wide range of the EM 
spectrum in discrete, contiguous “bands” (Bock et al. 2010). A radiometer measures the 
intensity of radiated energy from an object (Shu-Kun 2013). The combination of these 
two instruments is a spectroradiometer, often used in remote sensing, which measures 
radiant energy over a wide region of the spectrum, but separates the measured 
wavelengths into discrete contiguous bands producing a spectral curve of the subject 
being imaged (Bock et al. 2010). The output from these sensors is delivered in the form 
of a spectral reflectance curve, with the wavelengths measured on the x-axis and 
reflectance measurements on the y-axis indicating reflectance patterns over the region of 
the EM spectrum measured. 
Hyperspectral imaging combines a spectrograph, a component of a spectrometer, 
with a digital sensor and records data in both spectral and spatial dimension producing a 
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3D “datacube” or “hypercube” with two spatial axes and one wavelength axes (Bock et 
al. 2010;  Gowen et al. 2007). Each pixel in the resulting cube contains underlying 
reflectance measurements for each wavelength recorded by the camera. Hyperspectral 
technologies have recently been explored in a wide range of fields including astronomy, 
food quality and safety, precision agriculture, and plant phenotyping because of their 
ability to measure wavelengths beyond the visible spectrum (Gowen et al. 2007). 
Hyperspectral imaging, rather than non-imaging hyperspectroscopy, may be a more 
valuable technology to use in plant disease phenotyping because non-imaging 
hyperspectroscopy has a low spatial resolution and an increased amount of mixed 
information per pixel, meaning that while non-imaging hyperspectroscopy could detect 
the presence of disease, it cannot distinguish mixed disease symptoms or quantify 
severity (Mahlein et al. 2012b). Hyperspectral imaging on the other hand, has an 
increased spatial resolution allowing for clear extraction of pure spectra from each pixel 
and enables detection, identification, and quantification of disease symptoms (Mahlein et 
al. 2012b).  
In plant phenotyping, changes in the spectral reflectance curve can be associated 
with different processes in the plant leaf or tissue measured (Mahlein 2016;  Mirwaes et 
al. 2016). Differences in these reflectance patterns can be used to identify changes in the 
imaging subject and develop spectral fingerprints (Kuska et al. 2015). In recent plant 
pathology and phenotyping studies, hyperspectral data has been used to identify 
differences in the reflectance patterns of resistant and susceptible genotypes inoculated 
with powdery mildew in barley seedling leaves, the content of M. phaseolina 
microsclerotia in ground soybean root and stem tissue as a method for severity rating, and 
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has distinguished between the symptoms of three different diseases, Cercospora leaf spot, 
powdery mildew, and leaf rust at different developmental stages in sugar beet (Fletcher et 
al. 2014;  Kuska et al. 2015;  Mahlein et al. 2012b). A hyperspectral imaging system in 
the near-infrared (900-1700 nm) region was used to detect the bruised pickling 
cucumbers showing a lower reflectance in the 950-1350 nm region compared to healthy 
tissue. (Ariana et al. 2006). Disease progression of net blotch, brown rust, and powdery 
mildew of barley was monitored using hyperspectral imaging systems (Wahabzada et al. 
2015). Early detection of glyphosate injury on soybeans was also successful prior to 
symptom development which is promising for early disease detection applications (Yao 
et al. 2012). Changes in the NIR and visible regions of the EM spectrum were shown to 
be closely related to pustule development and chlorophyll content of wheat leaves during 
powdery mildew infection (Zhang et al. 2012). Hyperspectral data has also been used to 
gain more insight into lesion development, which could help distinguish differences 
among disease development of resistant vs susceptible varieties of sugar beet in response 
to Cercospora beticola infection (Leucker et al. 2016). All of these studies show promise 
for the utilization of hyperspectral data in identifying disease, differentiating between 
disease, estimating severity, and tracking disease progression, which are all important 
aspects of disease phenotyping in research and breeding programs.  
 
Analysis of Hyperspectral Data 
In order to use hyperspectral imaging in high throughput phenotyping platforms, a 
well-designed data analysis pipeline is a priority for extracting valuable information from 
data cubes. However, the high dimensionality of hyperspectral data introduces challenges 
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for the analysis and interpretation of the data, so multiple strategies have been employed 
in recent research to extract useful information from hyperspectral data cubes. 
One such method for analyzing hyperspectral data involves using indices which 
selects specific spectral bands or analyzes the interactions between key bands (Mutka 
2015). Normalized difference vegetation index (NDVI) is one such index that measures 
the level of greenness of a plant using wavebands in the NIR and red regions (Rouse et al. 
1974). NDVI has been used with hyperspectral data to identify glyphosate injury in 
soybean prior to visible symptom development and has discerned glyphosate resistant 
from susceptible varieties (Yao et al. 2012). While the extraction of indices from a data 
cube can often give usable data, it may not be easily interpretable in the realm of disease 
symptom progression. Because NDVI is specifically designed for determining greenness, 
it is not the most suitable for analyzing reflectance of more diverse symptom colorations 
apparent in many disease reactions. In addition, indices single out only a few 
wavelengths out of the entire range imaged for analysis without determining which 
wavelengths are actually most important for the specific disease being imaged. More 
complex algorithms have been used with hyperspectral imaging data such as 
classification algorithms that can be used to separate differences among pixels and 
differentiate among disease symptoms producing an easily understandable visual output. 
Spectral Angle Mapper (SAM), is one such classification algorithm that compares the 
angle between a test pixel vector to the vector of a reference spectra and classifies the test 
pixel with the reference spectra resulting in the smallest angle while pixels resulting in 
angles beyond the maximum angle threshold will not be classified (Helmi et al. 2007;  
Kruse et al. 1993). The SAM classification algorithm has been used to illustrate disease 
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progression in leaf tissue and classify the severity of infections (Bauriegel et al. 2011;  
Mahlein et al. 2012b). Each waveband captured in a hyperspectral data cube may not 
produce unique information. Capturing, storing, and analyzing the redundant information 
is not an efficient use of resources and generates a burden for processing power and 
storage capacity. The hyperspectral data cubes in this study were about 732 MB each. A 
large breeding program would require extensive storage space for phenotyping data 
collected as hyperspectral data cubes. Multi-spectral imaging technology such as multi 
spectral cameras and multispectral snap shot cameras utilize a smaller number of specific 
bands in the electromagnetic spectrum rather than contiguous bands over a range of the 
EM spectrum. This maximizes valuable information gain while reducing cost in storage 
requirements and data processing time.   
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CHAPTER 3 
 
HYPERSPECTRAL DISEASE SIGNATURES FOR CHARCOAL ROT IN SOYBEAN 
USING SPECTRAL ANGLE MAPPER 
 
Introduction 
 
Charcoal rot is a serious disease in soybean [Glycine max (L.) Merr.] caused by 
the fungal pathogen Macrophomina phaseolina which not only infects soybean, but 
around 500 other species worldwide as well (Hartman et al. 2015). From 2010 to 2014 
combined, charcoal rot caused an estimated total loss of 219,605,000 bushels in 28 US 
states and Ontario, Canada (Allen et al. 2017). Charcoal rot symptoms generally develop 
in the field around R5 – R7 reproductive stages but can occasionally be seen early on as a 
reddish-brown lesion on the hypocotyl of seedlings (Fehr et al. 1971;  Hartman et al. 
2015;  Mengistu et al. 2011a). Charcoal rot disease symptoms include a reddish-brown 
discoloration of the vascular tissue especially in the lower stem and roots of infected 
plants, but after prolonged infection, plants may become chlorotic, then wilt and senesce 
prematurely with leaves and petioles remaining attached to the plant (Gupta et al. 2012;  
Hartman et al. 2015;  Mengistu et al. 2007). Black microsclerotia, the survival structures 
of M. phaseolina, develop at the stem nodes and in the epidermal and sub epidermal 
tissue as well as on dry pods and seeds of more mature plants (Gupta et al. 2012). This 
gray dusting of fungal microsclerotia led to the common name of charcoal rot for this 
disease.  
Current techniques for rating disease severity of charcoal rot include field and 
greenhouse visual ratings, but these ratings are labor intensive and often involve the 
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splitting of stems to confirm pathogen appearance (Barratt and Horsfall 1945;  Mengistu 
et al. 2007;  Paris 2006;  Smith and Carvil 1997;  Twizeyimana et al. 2012). Visual 
ratings can also be subjective and prone to human error which adds unnecessary 
variation, decreases accuracy of phenotypic disease ratings, and complicates decision 
making. Regardless of the plant pathogen under consideration, methods that increase the 
timeliness, accuracy, reliability, and repeatability of disease severity measurements are 
extremely important in improving disease scouting, selection of disease resistant 
germplasm, as well as estimating yield losses due to disease.  
Hyperspectral imaging has recently been explored in the fields of plant pathology 
and plant breeding to improve on the above mentioned qualities of disease rating 
techniques for scouting and breeding. Unlike visual ratings which utilize only the visible 
range of the electromagnetic spectrum (400-700 nm), hyperspectral imaging captures the 
reflectance of a wider range of wavelengths. Changes in plant pigments caused by disease 
infection can be seen visually by human raters, but other alterations in the plant tissue 
caused by pathogen infection alter the structure and chemical components of the plant 
tissue (Mahlein 2016). These changes cannot be visually seen but do result in changing 
patterns of reflectance beyond the visible wavelengths (Wahabzada et al. 2015). 
Hyperspectral imaging collects more information on these non-visible alterations by 
capturing the reflectance beyond visible wavelengths rendering them more useful than 
tri-band imaging (visible RGB bands) or visual ratings. Hyperspectral imaging provides 
more in depth spectral information while maintaining the quality of spatial information 
allowing for extraction of individual disease symptom pixels for a more rigorous study of 
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a pathogen’s effect on reflectance enabling detection, identification, and even 
quantification of disease symptoms (Mahlein et al. 2012a;  Mahlein et al. 2012b).  
However, in order to use the extended wavelengths for disease scouting or disease 
resistance breeding, valuable information must first be extracted from the high 
dimensional hyperspectral data cubes. Classification algorithms can be used to analyze 
differences among hyperspectral pixels and thereby separate these pixels into groups of 
various levels of disease symptom severity producing a more easily interpretable visual 
output that utilizes the additional information from non-visible wavelengths. The spectral 
angle mapper (SAM) classification algorithm is one such algorithm that has been used in 
the classification of hyperspectral data cubes from diseased plant tissue (Bauriegel et al. 
2011;  Mahlein et al. 2012b). This algorithm utilizes all wavelengths supplied in the 
hyperspectral data cube and compares the angle between the two pixels in vector format. 
A reference spectra for each class used in classification is first selected and then 
compared to every pixel of the test data cubes. The test pixels will be classified into the 
region of interest group that shares the smallest angle of difference between the two 
vectors, while pixels resulting in angles beyond the maximum angle threshold will not be 
classified (Helmi et al. 2007;  Kruse et al. 1993).  
Overall, hyperspectral imaging has shown to improve the accuracy, reliability, 
and repeatability of disease severity measurements by contributing information from a 
wider range of wavelengths for the detection, identification, and quantification of plant 
disease symptoms improving upon current visual rating processes. However, more 
information is needed to implement hyperspectral imaging in soybean as well as with 
charcoal rot disease. The objective of the present study was to discover hyperspectral 
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disease signatures for early identification of charcoal rot disease signatures. The 
following experiment utilizes hyperspectral imaging to collect reflectance information 
from healthy and charcoal rot inoculated soybean stems to uncover disease signatures of 
charcoal rot infection and to use these disease signatures in the classification of 
hyperspectral data cubes for early and improved disease assessment compared to visual 
ratings.  
 
 
Experimental Procedures 
 
Planting 
Four soybean genotypes were selected for this experiment based on their response 
to charcoal rot infection as reported by Paris et al. 2006, Mengistu et al. 2007, and a 
screening of the USDA germplasm collection (data collected and provided by A.K. Singh 
group). These genotypes included Pharaoh (susceptible), DT97-4290 (moderately 
resistant), PI479719 (susceptible), and PI189958 (moderately resistant). Pharoah and 
DT97-4290 have previously been used as resistant and susceptible checks for charcoal rot 
in soybean (Bellaloui et al. 2008). 
Styrofoam cups (8 oz) with three holes punctured through the bottom for drainage 
were filled with a soil substrate potting mix (Sungro Horticulture Professional Growing 
Mix) leaving a 1 cm head space for watering. Cups were staked according to the 
completely random design within each replication and placed in plot order in black 
plastic trays. Cups were watered to saturation and an unsharpened pencil marked at 2 cm 
was used to create planting holes at a uniform depth. Two seeds matching the stake’s 
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genotype were planted in each cup. After planting and covering seed with potting soil, 
0.65 grams (1/8 tsp) of Osmocote 15-9-12 were added to each cup and lightly watered in. 
Plants were checked daily and watered as needed. Ten days after planting, plants were 
thinned down to one plant per cup culling the weaker plant by severing the plant stem just 
above the soil surface using a razor blade. Three replications of 24 cups each for a total of 
72 cups were grown in the growth chambers of Agronomy Hall at Iowa State University, 
Ames, Iowa at 30°C day/21°C night with a 16-hour photoperiod. Each of the growth 
chambers are equipped with 16 Sylvania F72T12/CW/VHO fluorescent lamps, 4 Philips 
F24T12/CW/HO fluorescent lamps, and 12, 60 watt incandescent lamps providing an 
average of 130 μmol·m-2·s-1 at a height of 1 meter. measured on a Li-Cor LI-250A Light 
Meter and LI-190R Quantum Sensor that measures Photosynthetically Active Radiation 
(PAR). The lights were lowered to be about 45 cm  above the plant canopy during the 
growing cycle and were adjusted as the plants grew. Replications 1 & 2 were planted in 
one growth chamber and replication 3 was planted in a second growth chamber due to 
limited space available in each growth chamber. Treatments included mock-inoculation 
and inoculation with M. phaseolina. Hyperspectral data cubes and destructive lesion 
ratings were collected at 3, 6, and 9 days after inoculation focusing on early symptom 
development time points but still capturing the range of symptom development. Each 
time point utilized a new set of plants due to the destructive nature of data collection 
necessary to capture the length of interior discoloration caused by the pathogen.  
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Media Preparation 
One week prior to making transfers of M. phaseolina, 4 batches of 25 PDA plates 
were prepared using 500mL PDA for every 25 plates to account for possible 
contamination and fungal growth abnormalities. Five hundred mL of distilled water were 
poured into a 1 liter plastic media bottle through a funnel. The PDA powder (19.5g) was 
poured into the same 1L media bottle using a funnel. The cap was tightly secured and the 
bottle shaken vigorously until PDA dissolved. A small piece of autoclave tape was placed 
on the cap, the cap loosened, and the bottle placed in an autoclave tub ensuring room for 
air circulation. The bottle of water and media were autoclaved on the liquid cycle for 35 
minutes. 
While PDA media were in the autoclave, the laminar air-flow hood was sterilized 
and prepared for pouring plates. With the blower off, surfaces inside the vent hood were 
sprayed with 70% ethanol and wiped down. All materials including scissors, the outside 
of the parafilm roll, the ethanol burner, and the outside of the sleeves of petri dishes were 
sterilized with 70% ethanol before placing under the fume hood to keep the hood 
environment clean. The hood blower was then run for at least 10 minutes prior to starting 
plate pouring. Petri dish sleeves were opened and the petri dishes were placed, still 
covered, in stacks of 5 under the air-flow hood to make for easier pouring.  
When the autoclave cycle finished and the media bottle was cool enough to touch, 
the bottle was swirled in a wide circle to ensure that all agar and water was mixed so that 
plates would solidify equally. The top plate of one stack was opened and warm liquid 
media was slowly poured into the plate until the bottom of the plate was covered with 
about 3 mm of media. The plate was then set aside and plates were allowed to cool in 
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stacks. Once plates cooled completely and condensation was cleared if needed, all plates 
were wrapped with parafilm strips then placed back in the sleeve, media side up. The 
sleeves were taped closed and the initials, media type, and date were labeled with a 
Sharpie. Plates were stored under the hood in the lab until the transfer of M. phaseolina.  
 
Inoculum Preparation 
About 300, 200µL pipette tips were placed in a glass beaker, covered with foil, 
marked with a piece of autoclave tape and autoclaved in an autoclave tub on the gravity 
cycle for 20 minutes. The beaker was kept tightly covered after autoclaving. Due to the 
lack of race structure within M. phaseolina, we do not expect to see variation among 
isolates, so a culture of M. phaseolina 2013X, originally obtained from the Mueller lab 
from an isolate collected in Iowa in 2013 was used for inoculum production. Four days 
before inoculation (17 days after planting) the 0.5 cm2 plugs of M. phaseolina 2013X, 
were transferred onto new petri plates of PDA media. Each plate of media could 
inoculate 25-30 plants. Plates that provided the plugs for transfer were isolated from M. 
phaseolina culture plates isolated from soybean stem tissue that had been grown in the 
growth chamber and inoculated with M. phaseolina.  
 
Inoculation 
On inoculation day, 21 days after planting, inoculation materials were assembled 
on a cart for transporting to the growth chamber. Plants had been watered the previous 
day and the first tray of plants was removed from the growth chamber and set on the cart. 
First, the parafilm from the M. phaseolina plate was removed to open the plate. The 
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sterile autoclaved pipettes were placed with the largest end down into the media in a ring 
on the outermost edge of the fungal colony effectively cutting a circle of media out of the 
plate containing the edge of the fungal colony. The edge of the fungal colony was used so 
that each plant was inoculated with the fastest growing section of the fungus. To prevent 
contamination, pipettes were pushed into the media as quickly as possible and the lid of 
the petri dish was placed on top of the tips of the pipettes during the inoculation 
procedure. The same procedure was used with the non-inoculated plate of PDA media. 
Using the longest side of the razor blade (40 mm in length) as a ruler, exactly 40 mm was 
measured above the unifoliate node and the entire stem above 40 mm was cut from the 
plant. This wound acted as the infection court for the plant. Only one plant was cut at a 
time to prevent the plant’s wound from healing or drying before inoculum could be 
applied. As soon as a plant stem was cut 40 mm above the unifoliate node, one pipette tip 
containing either the fungal media or non-inoculated mock PDA media according to the 
treatment prescribed for each plant, was placed over the end of the cut stem, like a hat, so 
that the entire wound was embedded into the media. The pipette tips were pushed down 
slowly to prevent the stem from poking through the media causing an ineffective 
inoculation. Extra care was taken to ensure that the pipette tips fit securely onto the stems 
so that the pipette tips would not fall off after inoculation. Pipette tips were removed after 
three days. During this time watering was applied delicately so as not to splash inoculum 
into the control plants or knock the pipette tips off the plants.  
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Figure 2. Cut-stem inoculation method for charcoal rot produces reddish-brown stem 
lesion on infected plants, but healthy green stem on control (mock inoculation) plants. 
 
 
 
Charcoal Rot Lesion Rating 
At 3, 6, and 9, days after inoculation, charcoal rot lesion ratings along with 
hyperspectral data cubes were collected from a different set of three replications of plants 
designated for each day of data collection due to the destructive nature of lesion rating. A 
total of 24 plants were imaged at each day of data collection with 8 plants in each of the 
three replications. Infection with M. phaseolina caused brownish-red lesion to progress 
down the stem starting at the inoculation site. The exterior lesion was reddish to brown in 
color with a dark red or black leading edge. At later stages, the oldest part of the lesion 
would begin to die with appearance of gray microsclerotia. On the interior of the stem, a 
brownish red discoloration spread as far as exterior lesion and often progressed farther 
down the interior of the stem than was visible on the exterior of the stem. Three visual 
lesion length measurements were measured in millimeters to describe the disease 
progression of charcoal rot in each stem including “exterior lesion” or the length of the 
visible lesion on the exterior of the stem only, the “interior lesion” or the length of the 
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interior lesion that had progressed farther down the interior of the stem and was not 
visible from the exterior of the stem, and the “dead tissue” or the tissue that had decayed 
leaving the interior of the plant stem hollow. The lesions were rated by examining the 
relationship of the lowest edge of the lesion to the unifoliate node according to the 
protocol outlined in Twizeyimana et al. 2012. If the lesion had not yet reached the 
unifoliate node, then the distance between the unifoliate node and the lowest edge of the 
lesion was measured in millimeters. The above measurement was then subtracted from 40 
mm (the amount measured to determine where to cut the tip of the plant) to get the lesion 
size. If the lesion had reached exactly the unifoliate node, then the lesion was recorded as 
40 mm long. If the lesion had passed the unifoliate node, then the distance from the 
unifoliate node to the lowest edge of the lesion was measured and added to 40 mm to get 
the total length of the lesion. This protocol was also followed for measuring the interior 
lesion length after the exterior stem hyperspectral data cube was collected. After whole 
stem hyperspectral data cubes were collected, the stem was sliced in half lengthwise 
using a scalpel sterilized with ethanol to make the interior lesion visible. Then the interior 
lesion length and the dead tissue lesion length were measured according to the same 
protocol specified above.  
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Figure 3. Progression of charcoal rot symptoms and lesion length measurements on 
exterior and interior of soybean stem inoculated with Macrophomina phaseolina. 
 
 
Additional comments and disease notes were also recorded. In addition to lesion 
length, purple coloration in the stem and internode length was also recorded. After image 
acquisition, stem samples were saved in plastic bags and later surface sterilized for 3 
minutes in ethanol, 5 minutes in 10% bleach, and then soaked in sterile distilled water. 
Stems were then laid to dry on sterile paper towels, sliced again lengthwise to expose 
interior stem surface and cut into 1 cm segments that were plated onto half strength PDA 
media amended with Chloroamphenicol and lactic acid to prevent bacterial growth. 
Cultures were examined for proper fungal growth after 4 days of growth in a 30° C 
incubator to fulfill Koch’s postulates. 
 
Table 1. Recipe for half strength PDA media amended with chloramphenicol and lactic 
acid. 
Half-strength PDA amended with 
chloramphenicol 
 
1000ml distilled water 7.5g Bacto agar (or less get up to 1.5% 
agar) 
19.5g PDA 1ml of 5g:50ml ethanol chloramphenicol 
40 drops of 50% lactic acid (filter 
sterilized) 
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Hyperspectral Image Acquisition 
Hyperspectral data cubes were captured for each plant stem using a Pika XC 
hyperspectral line scanning imager (Resonon, Bozeman, MT) which has 240 spectral 
channels covering a spectral range from 400-1000 nm with a spectral resolution of 2.5 
nm. The camera was positioned on a mounting tower above the linear translation stage. 
Illumination was supplied by two 70-watt quartz-tungsten-halogen Illuminator lamps 
(ASD Inc., Boulder, CO) which provide stable illumination over a 350 – 2500 nm range. 
The lights were positioned 54 cm away from the sample with the lights pointed towards 
the sample at a 45-degree angle. Prior to hyperspectral data cube acquisition, the lights 
were turned on and warmed up for at least 20 minutes to stabilize the light source. Using 
the SpectrononPro software package pre-installed on the laptop computer, the camera 
exposure was automatically adjusted to the lighting environment and the focus manually 
adjusted with an aperture of ƒ/1.4. The Pika XC camera was calibrated to a dark 
reference by covering the objective lens, a white reference using Resonon’s white 
reference tile, and the aspect ratio was corrected using a sheet of concentric circles 
supplied by Resonon. Reflectance data was captured in floats with reflectance values 
reading between 0 and 1. First the unifoliate leaves and any branches were carefully 
removed from the plant stem using a razor blade and the stem separated from the root 
system at the soil surface. Each stem was imaged in plot order. The hyperspectral data 
cube and the representative RGB image for each data cube were saved onto a 1 terabyte 
external hard drive. Once the whole stem exterior images were captured, the stems were 
split lengthwise using a scalpel sterilized with ethanol on a cutting board also sterilized 
with ethanol between each stem. The internal lesion length and the dead tissue lesion 
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lengths were measured and recorded. The split stem was then imaged using the 
hyperspectral camera with one half of the stem facing up and the other half facing down 
so that both the exterior and interior surfaces of the stem could be captured in the 
hyperspectral data cube. Hyperspectral data cubes and their corresponding RGB images 
were saved onto a 1 TB external hard drive.  
 
Spectral Angle Mapper Classification 
To take advantage of the wider wavelengths available in the hyperspectral data 
cubes, the spectral angle mapper algorithm was used to classify the pixels of the 
hyperspectral data cubes into four classes of symptom development including “healthy” 
tissue, “interior lesion”, and exterior lesion divided into two groups “progressing lesion 
edge” and “dead tissue.” Data cubes were manually analyzed in blocks of eight data 
cubes from one replication of one time point. A small region of interest about 25 X 25 
pixels was selected in each region of disease symptom progression and mean spectra 
obtained by averaging the spectra of each pixel within the selection region of interest. 
Each genotype present in the group of data cubes had an inoculated and control plant 
stem. Seven regions of interest were selected from a combination of regions in each pair 
of images. Four healthy regions were selected to decrease the effect of location on the 
stem on the classification of healthy tissue. Three healthy regions came from the upper 40 
mm, just below the unifoliate node, and just above the cotyledon node of the healthy stem 
while the fourth healthy region of interest came from healthy tissue of the inoculated 
stem by selecting a region of interest below the length of the interior lesion. Once the 
seven regions of interest (4 healthy, interior lesion, progression edge of exterior lesion, 
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and dead tissue with microsclerotia) were selected and mean spectra obtained, the 
spectral angle mapper algorithm available in the SpectrononPro software was used to 
classify each of the images based on the seven selected regions of interest producing a 
SAM color map image where each pixel was given the same color as the most similar 
mean spectra. In the SpectrononPro software, thresholds determining the strictness of 
classification were manually adjusted for each disease class to allow for more accurate 
classification. Black pixels represent pixels that were not classified into any of the classes 
mentioned above because the difference between the angles was too large to obtain a 
match. Once thresholds were adjusted, the SAM color map images were electronically 
saved as JPGs along with all mean spectra files and their plots.  
 
 
 
Figure 4. Regions of interest (ROI) were selected from symptomatic areas representing a 
range of symptom development within the diseased tissue and from healthy, non-infected 
stem areas of the control. Colors for each region of interest were manually selected. The 
red rectangle around the diseased portion of the stem image on the right represents the 
extent of internal lesion progression. Yellow squares represent areas of region of interest 
selection. 
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Results and Discussion 
 
Symptom Development 
 Inoculation of soybean stems with M. phaseolina using the cut-stem inoculation 
protocol outlined in Twiezyimana et al. 2012, resulted in green, healthy plants from the 
mock-inoculation treatment and infection of all inoculated stems further confirmed by 
completing Koch’s postulates. Symptom progression on infected stems began with a dark 
reddish-brown discoloration of the exterior of the stem spreading from the inoculation 
site down towards the base of the stem. As the lesion grew longer, the stem tissue became 
necrotic, turning light brown as the tissue dried, and small gray microsclerotia appeared 
on dead tissue as early as 3 days after inoculation. When stems were sliced open 
lengthwise, a dark reddish colored lesion on the interior vascular tissue of the stem was 
observed to be longer than the lesion visible on the exterior of the stem.  
 
Table 2. Exterior lesion length phenotypic mean and standard deviation by genotype at 
each of the three time points 3 DAI, 6 DAI, and 9 DAI. 
Time Point Genotype Number of samples Mean (mm) Std Dev 
3 DAI 
DT97-4290 3 40.0 0.0 
Pharoah 3 31.3 8.1 
PI189958 3 27.0 10.4 
PI479719 3 21.7 1.5 
6 DAI 
DT97-4290 3 37.7 5.9 
Pharoah 3 31.0 9.0 
PI189958 3 29.7 5.5 
PI479719 3 23.0 5.6 
9 DAI 
DT97-4290 3 34.3 10.7 
Pharoah 3 39.7 10.1 
PI189958 2 20.0 1.4 
PI479719 3 36.0 7.0 
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Table 3. Interior lesion length phenotypic mean and standard deviation by genotype at 
each of the three time points 3 DAI, 6 DAI, and 9 DAI. 
Time Point Level Number of samples Mean (mm) Std Dev 
3 DAI 
DT97-4290 3 34.7 10.2 
Pharoah 3 36.3 4.0 
PI189958 3 31.7 6.0 
PI479719 3 46.0 16.6 
6 DAI 
DT97-4290 3 43.7 3.5 
Pharoah 3 53.0 21.9 
PI189958 3 31.3 5.0 
PI479719 3 27.0 16.5 
9 DAI 
DT97-4290 3 68.3 21.2 
Pharoah 3 61.0 18.5 
PI189958 3 41.0 4.4 
PI479719 3 66.3 21.5 
 
Table 4. Dead lesion length phenotypic mean and standard deviation by genotype at each 
of the three time points 3 DAI, 6 DAI, and 9 DAI. 
Time Point Genotype Number of samples Mean (mm) Std Dev 
3 DAI 
DT97-4290 3 23.0 7.9 
Pharoah 3 25.0 7.0 
PI189958 3 20.3 3.2 
PI479719 3 23.3 1.5 
6 DAI 
DT97-4290 3 43.7 3.5 
Pharoah 3 53.0 21.9 
PI189958 3 31.3 5.0 
PI479719 3 27.0 16.5 
9 DAI 
DT97-4290 3 32.3 9.8 
Pharoah 3 32.3 8.5 
PI189958 3 12.0 7.9 
PI479719 3 28.7 9.1 
 
Hyperspectral Disease Signatures 
Hyperspectral disease signatures of charcoal rot infection were uncovered from 
the mean spectra of the selected target areas of symptom development. Each of these 
mean spectra selected from a different area of disease symptom development had a 
unique spectral signature, or pattern, across the 400-1000 nm range. As shown in Figure 
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5, the healthy tissue, in green, resulted in a characteristic green peak around 550 nm and 
then a steep reflectance increase at the red edge around 700 nm tapering into a plateau in 
the near infrared region of the spectrum. The dead tissue with microsclerotia, represented 
by the spectra in brown, has a higher reflectance than the leading lesion edge shown in 
red, in the visible range, but both dead tissue and leading edge symptoms have lower 
reflectance into the red edge and the near infrared region than the healthy tissue. The 
disease signature of the interior lesion with no visible external symptoms, shown in 
orange, closely follows the green spectra of healthy tissue in the visible range but then 
deviates at the red edge around 700nm and into the near infrared region with a lower 
reflectance than the healthy tissue. A study of Cercospora leaf spot infection in sugar 
beet, also saw a decrease in reflectance in the region from 700 – 900 nm (Mahlein et al. 
2010). These differing patters of spectral reflectance distinguish diseased tissue from 
healthy tissue and also identify individual characteristic symptoms of charcoal rot 
infection in soybean stems. Deviations from the characteristic healthy vegetative spectra 
have been shown to detect plant diseases in multiple studies (Bauriegel et al. 2011;  
Kuska et al. 2015;  Leucker et al. 2016;  Mirwaes et al. 2016;  Wahabzada et al. 2015) 
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Figure 5. Spectral reflectance of selected regions of interest. Each spectra represents the 
mean spectra of the ~25X25 pixel region of interest selection from a pair of data cubes 
from PI189958 of DAI 6 replication 1Symptomatic progression of charcoal rot infection 
is represented by the brown, red, and orange spectra. Healthy tissue is represented by the 
green spectra displaying the characteristic green peak at ~550 nm. Notice that in the 
visual wavelengths 400-700 nm the orange and green spectra follow the same pattern but 
differentiate at the red edge and into the NIR from 700-1000 nm.  
 
 
These trends in spectral disease signatures are observed at each time point of 
imaging and in each genotype studied. However, while the dead tissue spectral signature 
remains higher than the leading lesion edge in the visible wavelengths, the reflectance of 
these two spectra occasionally overlap in the near infrared region especially during the 3 
DAI time point, potentially due to a lack of time for clear symptom differentiation as seen 
in the later 6 and 9 DAI time points. At the first time point after inoculation, the spectral 
reflectance of the internal symptoms lacking exterior visual symptoms closely follows the 
green peak pattern of healthy tissue in the visible range of the electromagnetic spectrum 
but then diverges from the healthy spectra at the red edge as seen in Figure 6. However, 
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this trend becomes more pronounced at 6 and 9 days after inoculation. But, even as early 
as 3 days after inoculation, the reflectance of the diseased tissue at the red edge around 
700 nm is lower than that of the healthy tissue. This deviation can be used to signify the 
beginning of initial disease development in charcoal rot infection or to identify how far 
the fungus has spread within the plant stem.  
 
 
 
Figure 6. Spectral reflectance for regions of interest in each group of data cubes 
classified with spectral angle mapper (SAM) in SpectrononPro software. As early as 3 
DAI there is a differentiation at the red edge in interior lesion development spectra 
compared to healthy spectra, a trend that repeats in each of the 9 groups of data cubes 
regardless of genotype and time point. Green spectra represent healthy stem tissue, brown 
represents dead tissue, red represents the external progressing lesion edge, and orange 
represents internal lesion development without external symptoms. 
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Spectral Angle Mapper Classification 
In order to translate the spectral disease signatures described above into visual 
representations of disease spread that can be easily understood and used for rating disease 
severity, the RGB images must be classified into stages of disease symptoms. The 
spectral angle mapper (SAM) algorithm is a classification algorithm that has been used to 
classify hyperspectral data cubes. The spectral angle mapper algorithm utilizes all 240 
wave bands, or spectral channels, captured by the hyperspectral camera in its approach to 
classifying each pixel of the hyperspectral data cubes to produce a SAM color map 
image, labeled as SAM in Figure 7. The color of the pixels in the SAM color maps shows 
which disease symptom group each individual pixel of the test image was classified into. 
Black gaps in the SAM color map image represent pixels that were not similar enough to 
a ROI group to be classified and therefore were not classified into any group. The SAM 
classification algorithm accurately classified the mock inoculated healthy images as 
“healthy” as seen by the appearance of only green pixels in the SAM color map. As seen 
in the inoculated stem, the SAM classification algorithm classified the data cube into the 
four designated symptom stages including “healthy”, “interior lesion with no exterior 
visible symptoms”, “progressing lesion edge”, and “dead tissue”. In the exterior RGB 
image, the area just below the progressing lesion edge shows interior reddish-brown 
symptom development that can be seen in the interior RGB image taken of the split stem. 
The SAM classification algorithm classified part of this area into the “internal lesion with 
no exterior visible symptoms” group. Where this internal symptomatic area cannot be 
seen from the exterior of the stem, the classification algorithm utilizes the additional 
information provided at the red edge and NIR region of the spectrum to classify the 
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interior symptom development. While the healthy and interior lesion spectral signatures 
follow the same pattern in the visible range, meaning they cannot be distinguished by the 
human eye, they deviate at the red edge and into the near infrared region. This 
information in the wavelength range of 700-1000 nm, which is invisible to the human 
eye, can be used by the SAM classification algorithm to detect symptom development 
that is not yet visible to humans. These results illustrate the potential for early symptom 
detection using hyperspectral imaging as well as for more accurate symptom detection 
without the need for manual labor required to split stems for charcoal rot disease ratings. 
 
 
 
Figure 7. SAM classification algorithm accurately classified healthy stems and diseased 
stems. In addition to classifying disease symptoms, the SAM algorithm also reveals 
interior stem discoloration as shown in orange by utilizing invisible regions of the 
electromagnetic spectrum in classification approach. Genotype shown is of PI189958 6 
days after inoculation.  
 
 
The spectral angle mapper algorithm was shown to uncover additional 
information from an exterior view of an infected soybean stem beyond what human eyes 
could see by utilizing non-visible wavelengths in the near infrared region to classify 
interior lesion pixels from the exterior hyperspectral data cube. The internal symptomatic 
area cannot be seen from the exterior of the stem. The healthy and interior lesion spectral 
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signatures follow the same pattern in the visible range, meaning they cannot be 
distinguished by the human eye, but they deviate at the red edge and into the near 
infrared region. Therefore, the classification algorithm utilizes the additional information 
provided at the red edge and NIR region of the spectrum to classify the interior symptom 
development. This additional information shown by the orange pixels in the SAM color 
map allows for a more accurate detection of symptom spread when examining only the 
exterior of a plant stem than is allowed with only human visual ratings. In addition, this 
technology could be used to replace the need for splitting stems to view internal symptom 
development which would save time and labor in breeding programs searching for 
charcoal rot disease resistance.  
However, the spectral angle mapper algorithm is a computationally intensive 
algorithm because it utilizes all spectral channels or wavebands in its classification 
approach. Other algorithms could be explored to find the most important wavebands 
needed for the classification of healthy and diseased tissue from charcoal rot infection to 
improve the efficiency of classification. In addition, the hyperspectral system used in this 
study (Pika XC camera, Resonon) is a line scanning imager which scans one line of the 
image one pixel’s width at a time which is time consuming and would need to be 
improved for more rapid data cube collection needed in a high throughput system. While 
this camera did capture extended wavelengths of 400 – 1000 nm, there are regions of the 
NIR (700 – 1,100nm) and SWIR region (1,100 – 2,500 nm) that could still be explored. 
And finally, to automate phenotyping, eventually a high throughput system could 
incorporate drones, but current hyperspectral cameras are heavy and expensive for drone 
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implementation but the utilization of multispectral imaging could offer solutions to these 
issues.  
Regardless of the equipment challenges, this study provides more evidence for the 
value of hyperspectral imaging in plant disease phenotyping that is promising for early 
detection, not only for charcoal rot, but for other stem diseases with external or internal 
symptoms such as brown stem rot (Phialophora gregata) which also exhibits internal 
vascular discoloration, Phytophthora root and stem rot (Phytophthora sojae) which 
produces brown lesion on the stem, and white mold (Sclerotinia sclerotiorum) which 
produces white mycelial growths on the outside of the stem as well as black sclerotia on 
the exterior and interior of the stem among other diseases (Hartman et al. 2015). The 
ability of hyperspectral imaging data to uncover non-visible symptoms and its potential 
for eventual implementation in high throughput phenotyping systems could drastically 
improve the power, speed, and accuracy of phenotyping for early detection and 
identification of soybean diseases.  
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CHAPTER 4 
 
DETECTION OF CHARCOAL ROT RESISTANCE QTL USING THE CUT-STEM 
INOCULATION METHOD 
 
Introduction 
 
Soybean 
Soybean [Glycine max (L.) Merr.] is the major oilseed crop produced in the 
United States and is used in the production of biofuel, cooking oil, soy foods, animal 
feeds and many other uses generating an estimated 34 billion dollars annually in the 
United States alone (Boerema et al. 2016;  Hartman et al. 2015;  USDA 2016a;  USDA 
2016b). Because of charcoal rot’s economic importance, yield protection is a serious 
issue in soybean breeding and production as yield can be impacted by disease infections. 
 
Charcoal Rot 
Charcoal rot is an economically important disease that negatively affects soybean 
yield (Allen et al. 2017;  Boerema et al. 2016;  Hartman et al. 2015;  USDA 2016a). The 
causal agent of charcoal rot, Macrophomina phaseolina, has proven difficult to address as 
this fungal pathogen affects over 500 species worldwide restricting crop rotation 
management strategies due to the large host range (Hartman et al. 2015;  Romero Luna et 
al. 2017). In addition, limited fungicide or other chemical control options are available 
for controlling M. phaseolina (Hartman et al. 2015;  Romero Luna et al. 2017). Due to 
these management challenges in the current situation, the elucidation of genetic resistance 
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and the development of improved varieties resistant to charcoal rot is a valuable 
alternative for protecting soybean yield against M. phaseolina. 
 
QTL Mapping for Disease Resistance 
In order to incorporate disease resistance into new varieties, sources of resistance 
must be identified and characterized so that markers associated with resistance can be 
tracked and moved more efficiently into desirable genetic backgrounds. One method for 
resistance characterization of a population is quantitative trait loci (QTL) mapping. QTL 
mapping detects associations between markers and QTL that impart desirable phenotypes 
and, once confirmed, marker assisted selection can be used to increase the efficiency of 
the breeding program (Collard et al. 2005;  Sleper 2006). Disease resistance can be found 
in the form of qualitative resistance as in monogenic or race specific resistance, or 
quantitative resistance (QR) (Mundt 2014) which is controlled by multiple genes or QTL 
contributing partial resistance (Kou and Wang 2010;  Lindhout 2002). While single genes 
are important in disease resistance breeding, partial resistance governed by multiple 
genes or QTL may be a more durable and effective strategy for long term resistance 
because it is more difficult for a pathogen to overcome each QTL involved in quantitative 
resistance (Kou and Wang 2010;  Lindhout 2002;  Mundt 2014). However, these QTL 
contributing to quantitative resistance can often be more difficult to identify due to the 
genetic properties of the QTL, background effect of population, limited mapping 
population size, and experimental error, and are difficult to use in forward breeding 
(Beavis 1998;  Holland 2007;  Tanksley 1993). 
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Charcoal Rot QTL 
Little information is available on the inheritance of charcoal rot resistance in 
soybean, however multiple germplasm screenings to identify sources of charcoal rot 
resistance in diverse backgrounds have been completed in the field and in controlled 
environments (Mengistu et al. 2011b;  Mengistu et al. 2007;  S. Pearson 1984;  Smith and 
Carvil 1997;  Twizeyimana et al. 2012;  Wyllie and Scott 1988). While these studies did 
uncover sources of germplasm with moderate resistance, they did not study the genetic 
control of charcoal rot resistance. Unfortunately, to date, no charcoal rot resistance QTL 
for soybean have been reported (Grant et al. 2009;  Romero Luna et al. 2017). However, 
a GWA study across both field and greenhouse environments reported a total of 19 SNPs 
associated with charcoal rot resistance in chromosomes 4, 14, and 18 for the field, and 
chromosomes 6, 8, 9, 12, and 20 for the greenhouse environment (A.K. Singh 
unpublished work). However, 2 RAPD markers were found to be associated with 
resistance to Macrophomina phaseolina in common beans, [Phaseolus vulgaris L.] 
(Olaya et al. 1996). Also in common bean, another study found 5 QTL of importance 
explaining 13-19% of the variation demonstrating additive effects (Miklas et al. 1998). 
And in cowpea, [Vigna unguiculata (L) Walp], 9 QTL were identified in response to 
charcoal rot infection from a study in field and greenhouse environments (Muchero et al. 
2011). Considering the current scenario with no genes or QTL reported for charcoal rot 
resistance and only moderately resistant germplasms sources identified, harnessing 
quantitative resistance may offer the most promising solution for developing charcoal rot 
resistant cultivars.  
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Due to the lack of chemical management options facing farmers, host resistance 
may provide a valuable alternative for the control of charcoal rot infection. However, the 
current lack of understanding of the genetic control of charcoal rot resistance and limited 
identified markers associated with charcoal rot resistance is detrimental to the breeding of 
improved varieties. The goal of this study is to expand the information available on the 
genetic control of charcoal rot resistance in soybean in order to combat the current 
management challenges faced by farmers in response to charcoal rot infection. 
 
 
Experimental Procedures 
 
Genetic Material and Population Development 
 A soybean nested association mapping (NAM) population was developed from a 
cross of IA 3023 to a set of diverse soybean genotypes of various backgrounds (Song et 
al. 2017). The diverse lines for the NAM panel were selected based on high yield and 
drought tolerance from diverse soybean ancestry originating in the United States, China, 
Korea, Japan, and other countries. Following the initial cross, about 140 F5 derived 
recombinant inbred lines were developed within each family.  
 
Preliminary NAM Parent Screening and Selection 
 The parents from the NAM population were screened for their response to 
charcoal rot infection using the cut-stem inoculation technique first outlined in 
Twizeyimana et al. 2012 and further described below. Six replications of each of the 41 
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NAM parents and 3 check lines (Pharaoh, PI479719, and PI189958) were randomized 
within each replication and planted on January 30, 2017 in the Agronomy greenhouse at 
Iowa State University in Ames, Iowa. Lesion lengths (exterior, interior, and dead tissue) 
caused by disease infection were measured to record the disease progression and 
resistance levels present among the diverse soybean parents in the NAM panel. 
After parental screening, three NAM populations were selected for further 
evaluation of their recombinant inbred lines. Selections were made based on a 
combination of highest observed level of resistance among the parents screened, standard 
deviation of lesion length measurements, and the maturity group of the parents favoring 
earlier maturity groups for evaluation of genotypes more suited for an Iowa growing 
environment. The NAM populations selected were NAM5 (IA 3023 x CLOJ-095-4-6) 
conferring the highest resistance response among the NAM parents, followed by NAM46 
(IA 3023 x PI 507681B) and NAM23 (IA 3023 x U03-100612). However, NAM46 was 
later dropped due to issues in the RIL population during population development 
potentially due to an incorrect parent in the cross as explained by Song (2017) which was 
not published until after screening of the RIL populations.  
 
Table 5. Mean and standard deviation of three lesion length ratings (exterior lesion 
length, interior lesion length, and dead tissue lesion length) resulting from charcoal rot 
inoculation and infection of the 41 SoyNAM parents and three check lines Pharoah, 
PI189958, and PI479719. 
Genotype 
Mean (mm) 
(Exterior) 
Std Dev 
(Exterior) 
Mean (mm) 
(Interior) 
Std Dev 
(Interior) 
Mean (mm) 
(Dead) 
Std Dev 
(Dead) 
PI 507.681B 14.7 4.0 28.5 12.5 9.5 5.2 
CL0J095-4-6 16.8 3.1 28.5 10.7 13.2 3.1 
LG03-3191 20.2 6.6 26.7 11.9 13.3 4.1 
LD01-5907 21.8 9.2 40.3 14.6 17.8 10.1 
U03-100612 22.8 6.0 35.3 12.7 18.3 8.7 
S06-13640 24.0 12.5 52.0 13.0 18.7 10.8 
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Table 5. Continued 
Genotype 
Mean (mm) 
(Exterior) 
Std Dev 
(Exterior) 
Mean (mm) 
(Interior) 
Std Dev 
(Interior) 
Mean (mm) 
(Dead) 
Std Dev 
(Dead) 
LD02-9050 24.6 12.2 38.0 20.7 19.2 14.5 
5M20-2-5-2 25.0 7.4 48.8 23.2 22.7 11.6 
PI189958 25.3 4.8 48.0 14.2 24.5 14.0 
LG05-4832 26.3 9.4 51.2 13.7 21.7 8.6 
LD02-4485 26.8 11.7 50.7 7.0 20.0 7.4 
LG94-1128 26.8 8.5 46.0 6.2 21.8 9.2 
CL0J173-6-8 27.0 8.4 41.0 19.8 20.5 10.1 
LG04-6000 27.8 11.7 42.7 5.8 23.5 11.4 
LG98-1605 28.5 12.2 56.3 25.1 23.7 11.4 
Prohio 28.5 13.6 46.7 13.2 24.2 14.4 
LG03-2979 28.7 9.7 46.7 13.5 27.0 11.3 
LG94-1906 28.8 11.0 45.8 2.9 29.0 11.0 
IA3023 29.0 11.0 42.5 13.2 24.0 12.2 
Skylla 29.8 8.8 43.7 5.4 24.3 11.9 
PI 518.751 31.2 10.4 52.8 9.2 28.2 10.8 
4J105-3-4 31.3 15.3 40.2 14.0 23.7 14.7 
NE3001 31.3 8.8 44.8 15.3 25.5 10.8 
LG90-2550 31.5 9.5 49.3 16.5 27.2 11.4 
TN05-3027 31.8 12.0 49.3 15.1 25.7 14.8 
Pharoah 32.0 14.8 52.2 14.4 27.5 13.3 
LG97-7012 32.5 9.4 50.0 11.2 30.0 10.7 
PI479719 32.5 13.3 45.8 13.3 21.7 8.6 
LG05-4464 33.7 11.6 51.3 21.4 28.2 13.6 
LG92-1255 33.7 10.5 47.5 10.7 29.2 11.7 
PI 427.136 33.7 11.5 61.5 5.8 29.5 12.9 
LG00-3372 34.0 6.8 52.8 11.0 28.2 10.0 
PI 561.370 34.0 11.0 62.0 17.7 30.0 10.2 
PI 437.169B 34.2 13.9 57.8 12.3 29.8 12.5 
LG05-4317 35.5 10.1 44.8 12.2 30.7 13.4 
LD00-3309 36.0 10.1 58.8 18.3 32.6 11.2 
PI 398.881 36.0 9.6 48.5 15.5 31.5 8.9 
Magellan 37.7 19.3 65.2 34.1 38.0 24.0 
HS6-3976 38.2 8.2 55.5 17.0 34.8 8.9 
Maverick 38.8 9.6 53.3 8.5 34.5 9.8 
PI 404.188A 38.8 3.0 57.8 14.0 35.8 4.1 
LG04-4717 46.2 12.9 62.8 8.1 32.0 7.6 
PI 574.486 52.0 19.8 70.7 12.6 37.8 15.3 
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Evaluation of RILs in Three Soybean NAM Populations 
Three replications of each of the three selected NAM population were planted in 
the Agronomy greenhouse at Iowa State University in Ames, Iowa. Three replications of 
the 140 recombinant inbred lines from the first population, NAM5 (IA 3023 x CLOJ095-
4-6) were planted on March 27, 2017, followed by three replications of the 128 
recombinant inbred lines of NAM46 (IA 3023 x PI507681B) planted on March 28, 2017 
and finally three replications of the 140 recombinant inbred lines of NAM23 (IA 3023 x 
U03-100612) planted on March 29, 2017. Each population was planted in a randomized 
complete block design with three replications. Each replication contained the 
recombinant inbred lines (RILs), the respective NAM parents, 3 checks (Pharaoh, 
PI189958, and PI479719) that were inoculated and mock-inoculated. Replications were 
organized on the greenhouse benches in ascending order from the front of the greenhouse 
to the back. 
 
Planting 
The greenhouse was set to a 30°C day, 21°C night, with a 16 hour photoperiod. 
Each genotype was double planted at a depth of 2 cm in a commercial potting soil 
substrate (Sungro Horticulture Professional Growing Mix) in 8 oz Styrofoam cups with 
holes in the bottom for drainage and supplemented with 1/8 tsp (0.65g) of Osmocote 15-
9-12 at planting. Plants were thinned down to 1 plant per pot using a razor blade 10 days 
after planting keeping the most vigorous seedling. 
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Pathogen Culture and Inoculation 
The pathogen Macrophomina phaseolina 2013X, originally obtained from the 
Mueller lab from an isolate collected in Iowa in 2013, was re-isolated from inoculated 
soybean stems from the check line PI189958 isolated from the NAM parent evaluation.  
Four days before inoculation (17 days after planting each population), 0.5 cm 
plugs of M. phaseolina were transferred to PDA plates which were then stored in the dark 
in an incubator at 30°C for four days. Each population was inoculated 21 days after 
planting (DAP) according to the cut-stem inoculation technique described in 
Twizeyimana et al. 2012. Sterile 200µl pipette tips were placed wide end down into the 
media around the actively growing outer edge of the fungal colony. Using the longest 
side of a razor blade (40 mm in length), each plant stem was severed 40 mm above the 
unifoliate node and a pipette tip carrying a disk of uncontaminated PDA media for the 
control plants or PDA media + M. phaseolina mycelia for all other plants, was placed 
onto the recently cut stem and the open wound imbedded in the media making sure the 
pipette tip fit snugly on the stem. Only one plant was inoculated at a time to prevent the 
wound from drying or being subject to contamination. Three days after inoculation, 
pipette tips were removed from all plants.  
 
Rating 
Nine days after inoculation, once symptoms had clearly differentiated, stems were 
sliced in half lengthwise to observe the internal and external discoloration and disease 
progression. Three elements of the lesion lengths, the exterior lesion length, the interior 
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lesion length, and the progression of dead tissue, were measured in millimeters according 
to the methods outlined in Twizeyimana et al. 2012. 
 
 
 
Figure 8. Cut-stem inoculation method for charcoal rot produces reddish-brown stem 
lesion on infected plants, but healthy green stem on control (mock inoculation) plants. 
Method based on Twizeyimana et al. 2012. 
 
 
 
 
 
 
Figure 9. Progression of charcoal rot symptoms and lesion length measurements on 
exterior and interior of soybean stem inoculated with Macrophomina phaseolina. 
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Distance of the lowest lesion edge from the unifoliate node was recorded and was 
subtracted from 40 mm (the distance of the cut site from the unifoliate node described 
earlier), or added to 40 mm if the lesion was below the unifoliate node. This same process 
was repeated for the three different ratings collected for dead tissue length, the dark red-
brown exterior lesion length, and the reddish internal lesion length. 
 During data collection of the NAM5 RIL family, the first population that was 
planted and rated, it was observed that the progression of the reddish-brown lesion on the 
exterior and interior of the stem seemed to slow in the presence of a node. All plants 
inoculated had one unifoliate node, but some plants developed a second node, the first 
trifoliate node, in the 40 mm stem section above the unifoliate node. Due to this variation 
in plant development and the potential interference with lesion lengths, notes were taken 
on which plant samples had a trifoliate node during data collection of RIL families 2 and 
3, NAM46 and NAM23 respectively. 
To determine the significance of the presence of the 1st trifoliate node in lesion 
progression, the 28 genotypes that contained at least one replication (one plant sample) 
with a trifoliate node were subsetted from the entire data set. Within this subsetted data 
set of 28 genotypes including both parents IA3023 and U03-100612, a two-tailed t-test 
was performed in JMP® Pro 13.0.0 comparing the lesion lengths of stems with two nodes 
to the lesion lengths of stems with only one node. In most genotypes, only 1 replication 
out of the 3 had the additional trifoliate node with the exception of IA3023 and DS11-
23182 which had two replications with the trifoliate node. In order to obtain a balanced 
data set for the t-tests, 1 replication from the genotypes that had only had one node was 
randomly selected to be used in the t-test data set. 
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Molecular Genotyping 
All 41 NAM parents and their respective recombinant inbred lines were 
previously genotyped using the SoyNAM6K BeadChip developed specifically for this 
SoyNAM panel using the Illumina Infinium HD Assay platform Illumina, Inc. (Song et 
al. 2017). Quality assured marker data was available from SoyBase containing 
information from 4,312 SNP markers (Grant et al. 2009). Monomorphic markers were 
removed in R using R code written by Kyle Parmley, Singh Lab. Redundant markers, 
markers with a missing rate of 25% or higher, and SNP marker loci in segregation 
distortion with a significant distortion p-value below 0.001 were also excluded using 
IciMapping software. 
 
QTL Analysis 
 Twenty linkage groups were constructed with the IciMapping software using the 
anchor information designating which chromosome each SNP marker belonged to. 
Redundant markers were assigned to one BIN group based on their anchor group and 
non-redundant markers were only allowed in one bin group. Markers were grouped by 
their anchor only and the traveling sales person algorithm (nnTwoOpt) was used for 
grouping with the Sum of Adjacent Recombination Frequencies SARF used to ripple 
markers, finally producing the linkage map with the Kosambi function that assumes that 
recombination events affect other recombination events at adjacent locations. The linkage 
map created using the final 631 markers was in general agreement with the soybean 
reference genome. QTL mapping was performed using Inclusive Composite Interval 
Mapping (ICIM) on the single NAM23 family. In order to determine significance of 
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QTLs, the significance thresholds, or the logarithm of odds (LOD) significance 
thresholds, were determined using a permutation test of 1000 permutations testing each 
genotype marker against the phenotype. Linkage was reported as significant if p < 0.05. 
 
 
Results and Discussion 
 
Phenotypic Observations 
The control plants, inoculated with sterile PDA media did not produce any 
infection, but produced healthy green stems. As the disease progressed on the inoculated 
stems, a reddish-brown lesion formed on the exterior of the plant stem and progressed 
down the stem shortly followed by the development of necrotic tissue covered in gray 
microsclerotia. A reddish-brown discoloration of the internal vascular tissue was also 
observed to progress farther down the inside stem than was visible on the exterior of the 
stem. 
During ratings of the first planting population, NAM5, it was observed that the 
reddish-brown discoloration on the interior and exterior of the stem seemed to slow in the 
presence of a stem node resulting in unifoliate or trifoliate branching. Due to this 
observation, notes were taken in the following two populations, NAM 46 and NAM23, as 
to which plants had a trifoliate node that interrupted the 40 mm of stem above the 
unifoliate node.  
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The t-tests comparing a balanced data set of lesion lengths of plants with the 
single unifoliate node against the lesion lengths of plants with both a unifoliate and 1st 
trifoliate node show that the presence of the 1st trifoliate node significantly decreases the 
lesion lengths for all three lesion length measurements. Because this observational trend 
proved true, it was concluded that including the phenotypes from plants that had 
developed a trifoliate nodes in the 40 mm segment of stem above the unifoliate node 
would bias the data potentially resulting in errors in QTL mapping. Therefore, samples 
possessing the additional first trifoliate node were excluded from the phenotypic data set 
to decrease plant development interaction with the phenotype of disease progression 
during QTL mapping. The least square means (LS means) of the exterior, interior, and 
dead tissue lesion length phenotypes were then obtained in JMP® Pro 13.0.0 using only 
data from plant lesion length phenotypes with the single unifoliate node.  
Due to the absence of trifoliate node presence notes in NAM5 and the issues in 
population development in NAM46, only NAM23 was considered for the rest of the 
study and for QTL mapping. 
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Figure 10. In the inoculated stems, the trend was observed of reddish-brown lesion 
progression slowing in the presence of a unifoliate or trifoliate node. Due to this 
observation, notes were taken on which samples had the 1st trifoliate node as seen above 
in populations 2 and 3, NAM46 and NAM 23 for further analysis. Only 25 of the 426 
(less than 6%) individual stems inoculated in NAM23 exhibited the trifoliate node. 
 
 
 
Figure 11. Presence of the 1st trifoliate node in the 40 mm stem segment above the 
unifoliate node significantly decreases exterior lesion length. N=28 for both Unifoliate 
and Unifoliate + Trifoliate.  
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Figure 12. Presence of the 1st trifoliate node in the 40 mm stem segment above the 
unifoliate node significantly decreases interior lesion length. N=28 for both Unifoliate 
and Unifoliate + Trifoliate.  
 
 
 
 
Figure 13. Presence of the 1st trifoliate node in the 40 mm stem segment above the 
unifoliate node significantly decreases dead tissue lesion length. N=28 for both Unifoliate 
and Unifoliate + Trifoliate.  
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Once least square means were obtained, the phenotypic distributions of RILs and 
two parents were graphed in JMP and are shown in Figures 14-16. The exterior lesion 
length ls mean phenotypes ranged from a minimum of 34.7 mm to a maximum of 60 mm 
with an average exterior lesion length of 42.8 mm. Genotype DS11-23188 produced the 
lowest, or most resistant, exterior lesion rating. The interior lesion length ls mean 
phenotypes ranged from a minimum of 51.7 mm to a maximum of 112 mm with an 
average interior lesion length of 82.5 mm. Genotype DS11-23063 recorded the lowest, or 
most resistant, interior lesion rating. The dead lesion length ls mean phenotypes ranged 
from a minimum of 25 mm to a maximum of 49 mm with an average dead lesion length 
of 41.5 mm. Genotype DS11-23063 recorded the lowest, or most resistant, dead lesion 
rating. 
 
  
Figure 14. Exterior lesion length (mm) least square mean phenotypic distributions of 
recombinant inbred lines of NAM23 with only one node. The darker gray striped bar 
represents parental phenotype of both IA3023 and U03-100612. 
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Figure15. Interior lesion length (mm) least square mean phenotypic distributions of 
recombinant inbred lines of NAM23 with only one node. The darker gray striped bars 
represent parental phenotypes with IA3023 having longer lesion length than U03-100612. 
 
 
  
Figure 16. Dead lesion length (mm) least square mean phenotypic distributions of 
recombinant inbred lines of NAM23 with only one node. The darker gray striped bars 
represent parental phenotypes with IA3023 resulting in a shorter lesion length than U03-
100612. 
 
QTL Mapping 
The linkage map was constructed using 631 polymorphic SNP markers with 
IciMapping software. Linkage groups were anchored to the 20 soybean chromosomes 
resulting in a linkage map covering an estimated total length of 2002.1 cM as seen in 
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Table 6. See supplemental figures for full linkage map and position of SNP markers on 
linkage groups.  
 
Table 6. Number of SNP markers and genome length of linkage map developed using 
recombinant inbred lines of NAM23.  
Chromosome  Number of Markers Length (cM) 
1 25 68.1 
2 68 121.0 
3 34 93.3 
4 17 153.5 
5 67 101.4 
6 22 118.3 
7 35 129.3 
8 32 58.1 
9 23 121.3 
10 17 131.4 
11 37 93.8 
12 15 61.0 
13 52 124.8 
14 23 96.5 
15 40 82.7 
16 25 75.3 
17 32 178.2 
18 20 79.6 
19 25 57.7 
20 22 56.8 
Whole Genome 631 2002.1 
 
Using the LOD significance thresholds determined by 1000 permutations, 
Inclusive Composite Interval Mapping (ICIM) detected 2 QTL on Gm15. The first QTL, 
qCR17-001, was identified in the region between SNP markers ss1235983775 – 
ss1235983766. The second QTL, qCR17-002, was detected nearby in the region between 
the SNP markers ss1235983585 – ss1235983580 and also explained 9.9% of the 
variation. Both QTL identified in these analyses were located on chromosome 15. Only 
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interior lesion length and the relationship of the interior lesion length and the dead tissue 
length (LBD) resulted in QTL detection highlighting the importance of capturing the 
interior lesion length. Exterior lesion length and dead tissue lesion measurements did not 
result in locating associated QTL. Table 7 outlines the location and LOD scores for QTL 
found from interior lesion length and live but diseased tissue length. QTL and LOD 
scores are visually represented in Figures 17 & 18.  
 
Table 7. Significant QTL, map position, and genetic contribution for charcoal rot 
resistance in soybean from the NAM23 mapping population (parentage: IA3023 x U03-
100612) identified using Inclusive Composite Interval Mapping (ICIM). 
QTL Trait Gm Position Marker/Marker interval LOD* PVE (%)* 
Additive 
Effect* 
qCR17-001 ILL 15 15.0 ss1235983775 - ss1235983766 3.1 9.9 -3.7 
qCR17-002 LBD 15 30.0 ss1235983585 - ss1235983580 3.2 9.9 -3.7 
LOD = Logarithm of odds 
PVE% = Phenotypic variation explained by QTL at the current scanning position 
Additive Effect = Estimated additive effect of QTL at the current scanning position 
 
Based on the QTL mapping results and gene annotations in SoyBase 
(www.soybase.org) Leucine-rich repeat receptor-like protein kinase candidate genes were 
proposed for both quantitative trait loci qCR17-001 and qCR17-002. Glyma. 15g170000. 
Wm82.a2.v1, annotated as a Leucine-rich repeat receptor-like protein kinase is located 
within the ss1235983775 - ss1235983766 region of qCR17-001. Glyma. 
15g133400.Wm82.a2.v1, also annotated as a Leucine-rich repeat receptor-like protein 
kinase is located within the ss1235983585 - ss1235983580 region of qCR17-002. 
Receptor-like kinases (RLKs) are proteins that span membranes to receive signals and 
send these signals downstream playing an important role in cell signaling (Hunter 1995;  
Walker 1994). Leucine-rich repeat receptor-like kinases (LRR-RLKs) are a large 
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subgroup of the superfamily of RLKs and contain several repeats of about 24-amino acid 
leucine rich domain in the extracellular region (Zhang 1998). In plant disease defenses, 
one of the largest class of R genes have a nucleotide binding site in combination with a 
leucine-rich repeat (Dangl and Jones 2001). To date, no resistance (R) genes or QTL 
associated with charcoal rot resistance have been reported in SoyBase (Grant et al. 2009). 
However, a GWA study across both field and greenhouse environments reported a total 
of 19 SNPs associated with charcoal rot resistance in chromosomes 4, 14, and 18 for the 
field, and chromosomes 6, 8, 9, 12, and 20 for the greenhouse environment (A.K. Singh 
unpublished work). This study also predicted a Leucine-rich repeat receptor-like protein 
kinase candidate gene on chromosome 4 in the field environment. However, this study 
did not report any associations with charcoal rot resistance on chromosome 15. In another 
study, a Leucine-rich repeat receptor-like protein kinase on chromosome 13 was also 
reported as a candidate gene for Phytophthora sojae resistance in soybean in response to 
lesion length evaluation post inoculation of the hypocotyl (Li et al. 2016). While 
Leucine-rich repeat receptor-like protein kinases have been proposed as candidate genes 
for charcoal rot and other soybean fungal diseases, more work on the functionality of 
these candidate genes is required to confirm their contribution to charcoal rot resistance. 
 In summary, charcoal rot has high variation in lesion length development and due 
to the significant impact of the first trifoliate node on lesion lengths found in this study, 
future studies utilizing the cut stem inoculation method should plan for additional 
replications to provide additional plants without trifoliate nodes to decrease error and bias 
in the phenotypic measuremnts which is important for the detection of QTL. Additional 
replications would also be to account for the phenotypic variation within genotypes, as 
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standard error varied from 11.2 – 19.4 among genotypic replications. Increased 
replications would increase the accuracy of phenotypic data which is important for the 
accuracy of QLT mapping. More work could also be done to study the structure and 
funtion of node tissue to determine its influence on pathogen progression. Experiments 
could also be done to evaluate if a higher number of nodes contributes to improved 
resistance in soybean varieties. 
 The resulting QTL identified in this study are small effect QTL as they are each 
only responsible for 9.9% of the variation suggesting that charcoal rot resistance is 
quantitiatve in nature in this family.The small effect captured for the QTL observed in 
this study could be due to the variable expression of disease in the stem and the 
complexity of assessing charcaol rot severity. Due to the proximity of the two QTL and 
the relatedness of the lesion length measurements that detected QTL, it is possible that 
these two QTL represent a single QTL.Only the interior lesion length (ILL) and the living 
but diseased tissue (LBD) determined by the relationship of the interior lesion and dead 
tissue revealed QTL suggesting the importance of the interior stem lesion measurement to 
assessing charcoal rot severity. However, slicing the soybean stems in half for lesion 
measurement is labor intensive increasing the challenges of screening large popuulations 
rapidly. Based on these results there is a need for further experiments utilizing more RIL 
families to search for additional sources of quantitative resistance to predict more suitable 
QTL for development of sustained resistance. However, more work must also be done to 
increase the efficiency of pyramiding small effect QTL contributing to quantitative 
resistance for enhanced resistance.  
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Figure 17. Interior Lesion Length. LOD score at 1000 permutations in Inclusive 
Composite Interval Mapping and SNP location on Chromosome 15 resulting in 1 QTL 
with a LOD score of 3.1 explaining 9.9% of the variation.  
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Figure 18. Live but diseased (LBD). LOD score at 1000 permutations in Inclusive 
Composite Interval Mapping and SNP location on Chromosome 15 resulting in 1 QTL 
with a LOD score of 3.2 explaining 9.9% of the variation.  
 
  
61 
 
 
CHAPTER 5 
 
GENERAL CONCLUSION 
 
Conclusion 
Using a hyperspectral line imaging scanner, spectral disease signatures of 
charcoal rot infection in soybean were detected in the 400 – 1000 nm spectral range. 
Upon further analysis of the hyperspectral data cubes using these disease signatures and 
the spectral angle mapper algorithm, additional information about the interior disease 
development was uncovered from an exterior view of an infected soybean stem. The 
reflectance information collected at the red-edge and in the near infrared region, regions 
beyond what human eyes could see, proved important for classifying not yet visible 
symptoms of charcoal rot. Classification using extended wavelengths provided a more 
accurate detection of symptom spread when examining only the exterior of a plant stem 
in comparison with human visual ratings and is promising for early disease detection not 
only in charcoal rot but other soybean diseases as well.  
Inoculation with charcoal rot via the cut-stem inoculation method was used to 
inoculate plants for QTL mapping of the recombinant inbred line family of NAM23. 
Plant development of a trifoliate node significantly impacted lesion progression. Two 
small effect QTL were associated with traits related to the internal lesion progression 
suggesting the importance of the interior lesion phenotype. Leucine-rich repeat receptor-
like protein kinase candidate genes were also suggested. However, more work needs to 
be done to confirm these genes as well as to locate additional sources of resistance 
possibly residing in other RIL families.  
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Recommendation for Future Work 
The ability of hyperspectral imaging data to uncover non-visible symptoms and 
its potential for eventual implementation in high throughput phenotyping systems for 
early detection could drastically improve the power, speed, and accuracy of phenotyping 
for early detection and identification of soybean diseases, but much still needs to be done 
to reach this goal. Future sutdies should utilize hyperspectral imaging in the NIR and 
SWIR regions to develop non-destructive screening methods for charcoal rot detection 
and quantification for more accurate and rapid assessment of disease severity. In addition 
to examining further regions of the EM spectrum, more work could be done to select the 
most valuable bands from these extended wavelengths for charcoal rot detection to 
eliminate redundancy in data collection while also decreasing storage and computational 
processing power required. Hyperspectral imaging technology could be utilized to detect 
the interior lesion decreasing labor and eliminating subjectivity in disease measurements. 
The implemenation of hyperspectral imaging could increase accuracy of charcoal rot 
disease phenotyping and form the basis for a more high throughput method of disease 
rating. In addition to utilizing hyperspectroscopy to increase detection power and 
accuracy, additional replications should also be considered in future QTL mapping 
studies utilizing the cut-stem inoculation method due to the affect of plant development 
on lesion progression. Additional RIL families should also be explored for QTL and 
sources of resistance to charcoal rot.  
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APPENDIX A. SUPPLEMENTARY TABLES 
 
Supplementary Table 1. Experimental design of hyperspectral imaging for charcoal rot 
detection. Data was destructively collected on three separate days after inoculation, 3 
DAI, 6 DAI, and 9 DAI. Three replications of 8 plants for a total of 24 plants were 
imaged during each day of data collection. Within each replication there were two 
treatments mock-inoculation and inoculation, and 4 genotypes. Replications 1 and 2 for 
each day of data collection were located in the same growth chamber while replication 3 
was planted in a second growth chamber. Each replication was completely randomized.  
 
 
 
 
 
 
Time point Genotype Treatment Genotype Treatment Genotype Treatment
DT97-4290 DT97-4290 DT97-4290
PI189958 PI189958 PI189958
Pharaoh Pharaoh Pharaoh
PI479719 PI479719 PI479719
DT97-4290 DT97-4290 DT97-4290
PI189958 PI189958 PI189958
Pharaoh Pharaoh Pharaoh
PI479719 PI479719 PI479719
DT97-4290 DT97-4290 DT97-4290
PI189958 PI189958 PI189958
Pharaoh Pharaoh Pharaoh
PI479719 PI479719 PI479719
DT97-4290 DT97-4290 DT97-4290
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APPENDIX B. SUPPLEMENTARY FIGURES 
 
 
 
 
Supplementary Figure 1. Process of planting in the growth chamber.  a) Styrofoam cups 
filled with soil substrate leaving 1cm head space from lip of cup. b) Seed packets were 
matched to pot stakes and two seeds planted per cup. c) Osmocote Plus fertilizer 15-9-12. 
d) 1/8 tsp Osmocote spread on top of soil of each cup. e) Growth chamber lights lowered 
initially at planting and were raised as plants grew.  
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Supplementary Figure 2. Hyperspectral imaging set up for data cube acquisition 
composed of two ASD pro lamps, Pika XC hyperspectral camera, mounting tower, 
movable stage, and laptop computer with SpectrononPro software for image acquisition 
and analysis. 
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Supplementary Figure 3. Spectral angle mapper (SAM) classification of DT97-4290 
mock inoculation. Exterior is the exterior view of the stem only. Interior captures split 
stem with the upper stem half showing the internal view, the lower stem half the exterior 
view. SAM is the spectral angle mapper classification results. Green pixels are pixels 
classified as “healthy” tissue. Black spaces represent pixels not classified into any of the 
groups selected as regions of interest.  
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Supplementary Figure 4. Spectral angle mapper (SAM) classification of Pharaoh mock 
inoculation. Exterior is the exterior view of the stem only. Interior captures split stem 
with the upper stem half showing the internal view, the lower stem half the exterior view. 
SAM is the spectral angle mapper classification results. Green pixels are pixels classified 
as “healthy” tissue. Black spaces represent pixels not classified into any of the groups 
selected as regions of interest.  
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Supplementary Figure 5. Spectral angle mapper (SAM) classification of PI189958 
mock inoculation. Exterior is the exterior view of the stem only. Interior captures split 
stem with the upper stem half showing the internal view, the lower stem half the exterior 
view. SAM is the spectral angle mapper classification results. Green pixels are pixels 
classified as “healthy” tissue. Black spaces represent pixels not classified into any of the 
groups selected as regions of interest.  
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Supplementary Figure 6. Spectral angle mapper (SAM) classification of PI479719 
mock inoculation. Exterior is the exterior view of the stem only. Interior captures split 
stem with the upper stem half showing the internal view, the lower stem half the exterior 
view. SAM is the spectral angle mapper classification results. Green pixels are pixels 
classified as “healthy” tissue. Black spaces represent pixels not classified into any of the 
groups selected as regions of interest.  
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Supplementary Figure 7. Spectral angle mapper (SAM) classification of DT97-4290 
inoculation. Exterior is the exterior view of the stem only. Interior captures split stem 
with the upper stem half showing the internal view, the lower stem half the exterior view. 
SAM is the spectral angle mapper classification results. Green pixels are pixels classified 
as “healthy” tissue. Orange pixels are classified as interior symptoms not yet visible on 
exterior, red pixels as the leading lesion edge, and brown pixels are classified as dead 
tissue. Black spaces represent pixels not classified into any of the groups selected as 
regions of interest.  
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Supplementary Figure 8. Spectral angle mapper (SAM) classification of Pharaoh 
inoculation. Exterior is the exterior view of the stem only. Interior captures split stem 
with the upper stem half showing the internal view, the lower stem half the exterior view. 
SAM is the spectral angle mapper classification results. Green pixels are pixels classified 
as “healthy” tissue. Orange pixels are classified as interior symptoms not yet visible on 
exterior, red pixels as the leading lesion edge, and brown pixels are classified as dead 
tissue. Black spaces represent pixels not classified into any of the groups selected as 
regions of interest. 
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Supplementary Figure 9. Spectral angle mapper (SAM) classification of PI189958 
inoculation. Exterior is the exterior view of the stem only. Interior captures split stem 
with the upper stem half showing the internal view, the lower stem half the exterior view. 
SAM is the spectral angle mapper classification results. Green pixels are pixels classified 
as “healthy” tissue. Orange pixels are classified as interior symptoms not yet visible on 
exterior, red pixels as the leading lesion edge, and brown pixels are classified as dead 
tissue. Black spaces represent pixels not classified into any of the groups selected as 
regions of interest. 
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Supplementary Figure 10. Spectral angle mapper (SAM) classification of PI479719 
inoculation. Exterior is the exterior view of the stem only. Interior captures split stem 
with the upper stem half showing the internal view, the lower stem half the exterior view. 
SAM is the spectral angle mapper classification results. Green pixels are pixels classified 
as “healthy” tissue. Orange pixels are classified as interior symptoms not yet visible on 
exterior, red pixels as the leading lesion edge, and brown pixels are classified as dead 
tissue. Black spaces represent pixels not classified into any of the groups selected as 
regions of interest. 
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Supplementary Figure 11. Linkage map and SNP position of NAM23, chromosomes 1-
3.  
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Supplementary Figure 12. Linkage map and SNP position of NAM23, chromosomes 4-
6.  
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Supplementary Figure 13. Linkage map and SNP position of NAM23, chromosomes 7-
12.  
 
84 
 
 
 
Supplementary Figure 14. Linkage map and SNP position of NAM23, chromosomes 
13-15.  
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Supplementary Figure 15. Linkage map and SNP position of NAM23, chromosomes 
16-20.  
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Supplementary Figure 16. QTL position and LOD score detected from all traits in 
Inclusive Composite Interval Mapping in chromosomes 1-4. Light blue: dead lesion 
length (DLL), Red: exterior lesion length (ELL), Green: Interior lesion length: (ILL), 
Dark blue: Live but diseased (LBD). 
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Supplementary Figure 17. QTL position and LOD score detected from all traits in 
Inclusive Composite Interval Mapping in chromosomes 5-8. Light blue: dead lesion 
length (DLL), Red: exterior lesion length (ELL), Green: Interior lesion length: (ILL), 
Dark blue: Live but diseased (LBD). 
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Supplementary Figure 18. QTL position and LOD score detected from all traits in 
Inclusive Composite Interval Mapping in chromosomes 9-16. Light blue: dead lesion 
length (DLL), Red: exterior lesion length (ELL), Green: Interior lesion length: (ILL), 
Dark blue: Live but diseased (LBD). 
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Supplementary Figure 19. QTL position and LOD score detected from all traits in 
Inclusive Composite Interval Mapping in chromosomes 17-20. Light blue: dead lesion 
length (DLL), Red: exterior lesion length (ELL), Green: Interior lesion length: (ILL), 
Dark blue: Live but diseased (LBD). 
 
